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Evaporation is an important component of the water and energy balance of lakes and reservoirs. The energy bal-
ance combination method for estimating evaporation requires the heat storage changes (Qt) to be known. The
lack of data on water temperature profiles and water depth fluctuations hinders routine computations of Qt. Fol-
lowing successful estimation of the soil heat flux density of land surfaces (G) and heat storage change of urban
areas and wetlands from net all wave radiation (Rn), we investigated in this paper whether a similar generic
Qt(Rn) empirical relationship can be developed for lakes and reservoirs. A comprehensive literature survey
was conducted and experimental datasets for 22 lakes with different characteristics were collected. A linear
Qt(Rn) model with a hysteresis function to describe seasonal warming and cooling effects was developed
(Qt = a ∗ Rn + b + c ∗ dRn/dt) that fits the 22 independently gathered datasets satisfactory (R2 of 0.83 and
RMSE of 22 W m−2) for bi-weekly and monthly time scales. Predictive models for the coefficients a, b and c
were also developed, using Rn and water surface temperature measurements that can be retrieved from routine
earth observationmeasurements. The average R2 betweenmeasured andmodeledQtwas 0.84 and the RMSEwas
37Wm−2 if predictivemodels were used for the assessment of lake specific Qt(Rn) functions. Two independent
satellite-derived products were explored: the ARC-Lake (ATSR Reprocessing for Climate) product for water sur-
face temperature using the ATSR (Along Track Scanning Radiometer) series data, and the CM SAF (Satellite Ap-
plication Facility on Climate Monitoring) product for solar radiation Rs based on the AVHRR (Advanced Very
High Resolution Radiometer) data. The proposed procedure using purely satellite-derived data as inputs resulted
in comparably good Qt estimates as those using in-situ measurements. The new Qt hysteresis model can thus be
applied together with satellite measurements for supporting the computation of evaporation from open water
bodies based on energy balance equations.

© 2014 Elsevier Inc. All rights reserved.
1. Introduction

Lakes and reservoirs store fresh water, and make valuable water re-
sources available to domestic, industrial, irrigation, hydropower, wet-
lands, recreational and environmental water use sectors, among
others, during dry periods. Reservoirs buffer the peak discharge after
rain storms, which prevents flooding of deltas and other downstream
areas. Evaporation is an important component of the water and energy
balance of lakes and reservoirs, and considered as a consumptive use of
water for the services that this water provides. Mekonnen andHoekstra
(2012) for instance showed that the world wide reservoir evaporation
behind dams for generating hydropower adds up to 90 km3/year. Direct
measurements of evaporation from water bodies for operational pur-
poses are difficult (e.g. Rimmer, Samuels, & Lechinsky, 2009), and usual-
ly only done during dedicated, short duration scientific studies. Most
evaporation measurements with eddy covariance techniques relate to
31 15 27 85559.
).
limited periods and a few selected lakes only (e.g. Blanken et al., 2000;
Panin, Nasonov, Foken, & Lohse, 2006). For applications in hydrology
and water management, lake evaporation needs to be computed using
indirect methods, such as the water balance methods, mass transfer
methods and energy balance methods. Reviews of computational
methods for estimating lake evaporation are given by for instance
Brutsaert (1982), Singh and Xu (1997), Xu and Singh (2000, 2001),
Finch and Calver (2008) and Jensen (2010). The performances of vari-
ous methods have been evaluated and compared for several specific
lakes (e.g. Delclaux, Coudrain, & Condom, 2007; Rosenberry, Winter,
Buso, & Likens, 2007).

Given the lack of direct measurements of evaporation from water
bodies, the energy balance method is generally considered as an accu-
rate method for assessing open water evaporation if other components
can be measured or estimated with sufficient accuracy (e.g. Assouline &
Mahrer, 1993; Finch & Calver, 2008; Gianniou & Antonopoulos, 2007;
Rosenberry et al., 2007). Evaporation estimates as the residual from
other known energy balance components, contains however cumula-
tive errors from the other components (Croley Ii, 1989). By assuming
other energy fluxes to be small and negligible, the surface energy
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balance equation for open water surfaces can be written as (Gallego-
Elvira, Baille, Martin-Gorriz, & Martinez-Alvarez, 2010):

Rn ¼ Hþ λEþ Qt ð1Þ

where Rn is the net all wave radiation, H is the sensible heat flux densi-
ty,λE is the latent heatflux density, andQt is thewater heatflux density
at the water–atmosphere interface. Qt is often considered equal to the
heat storage changes in the water body. The signs of H, λE are positive
if directed away from the water–atmosphere interface. The sign of Qt

is positive when water body is storing energy while negative when
the stored energy is released as a heat flux density from the water
body into the atmosphere. Qt is not only controlled by conduction and
solar radiation, but is also governed by all heat convective flows inside
the water body. Most energy balance combination equations require
the explicit determination of Qt and Rn (e.g. Blanken et al., 2000;
McJannet, Cook, & Burn, 2013; Rosenberry et al., 2007).

Generally, Qt is computed from the change in water temperature for
the time step over which the energy balance method is conducted. The
equation is described as (e.g. Gianniou & Antonopoulos, 2007;
Rodriguez-Rodriguez, Moreno-Ostos, De Vicente, Cruz-Pizarro, & Da
Silva, 2004):

Qt ¼
ρwcw
As

d
dt

Z zm

0
A z; tð ÞT z; tð Þdz ð2Þ

where ρw is the density of water (kg m−3) which is also a function of
water temperature; cw is the specific heat of water (J kg−1 °C−1); As is
the surface area of the lake (m2); A(z,t) is the horizontal area of the
lake as a function of depth z and time t; zm is the maximum depth
(m); T(z,t) is the water temperature as a function of depth z and time
t. The solution of Eq. (2) requires detailed vertical water temperature
profiles T(z,t) and bathymetric information for A(z,t) and As. Sensors
for measuring T(z,t) profiles need to be installed at various depths in-
side the water body. These measurements are rarely available for the
vast majority of lakes around the world (Kirillin et al., 2011). The
point-based temperaturemeasurements are not representative of influ-
ences over a larger horizontal area. Furthermore, the bathymetric infor-
mation is also not easily accessible. The A(z,t) relationship can be solved
from altimeter satellite measurements combined with optical satellite
imagery that provides the area for a given lake (e.g. Duan &
Bastiaanssen, 2013a). For some cases, the A(z,t) may not change very
much and thus the area terms As and A(z,t) can be removed from
Eq. (2) (e.g. Gallego-Elvira et al., 2010).

Because of themeasurement problems described above, many stud-
ies simply ignore Qt for lake evaporation estimations (e.g. Benzaghta,
Mohammed, Ghazali, & Soom, 2011; Keskin & Terzi, 2006;
Fig. 1. (a) The annual cycle ofmonthly averaged net allwave radiation Rn and net change in hea
month) for Lake Vegoritis, Greece (Table 1). The Qt-max and Qt-min refer to themaximum andmi
see Section 4.3.3 for details.
Vallet-Coulomb, Legesse, Gasse, Travi, & Chernet, 2001). Considering
the relatively large magnitude of Qt (Gentine, Entekhabi, &
Heusinkveld, 2012; Rodriguez-Rodriguez et al., 2004), the neglect of
Qt will inevitably introduce a large uncertainty in estimating evapora-
tion for periods of one month and shorter (e.g. Finch, 2001;
Gallego-Elvira et al., 2010). Allen and Tasumi (2005) showed on a
monthly time scale, that Qt could account for 50–70% of Rn for the
American Falls Reservoir (AFR, U.S.A.). When Rn reaches minimum
values in winter, the magnitude of Qt could be even more than ten
times the value of Rn (see Fig. 1 as an example for Lake Vegoritis,
Greece). Hence, any energy balance or combination model requires an
accurate quantification of the annual cycle of Qt that controls the heat
storage changes in water bodies.

Although various numerical heat storagemodels for lakes have been
developed to simulate temperature profiles (T(z,t)) using routine
weather data and several lake-specific characteristics (e.g. depths, opti-
cal transparency), calibration using measured water temperature pro-
files is necessary for most applications (e.g. Antonopoulos & Gianniou,
2003; Momii & Ito, 2008). Several studies assume a lake to be well-
mixed. The “equilibrium temperature method” (ETM) developed by
Edinger, Duttweiler, and Geyer (1968) has been used in numerous
evaporation studies of shallow lakes to account for Qt (De Bruin, 1982;
Finch, 2001; McJannet et al., 2013). The assumption of well-mixed
water temperatures may hold true for shallow lakes, but not for deep
lakes where thermal stratification occurs due tomany complex convec-
tivemixing processes. Finch andHall (2001)mentioned that a lakewith
depth of up to 10 m may be reasonably assumed to have no thermal
stratification. Thus, the accuracy of ETMmethod could not bewarranted
for lakes with a depth exceeding 10 m because of its fundamental as-
sumption becomes invalid (Finch & Hall, 2001). The thermal stratifica-
tion in lakes can be caused and affected by many factors such as
change of water density, the heat exchanges with the atmosphere,
and wind speed (Churchill & Kerfoot, 2007), inflow from rivers, besides
interactions with the deeper underground, including geothermal
processes.

An alternative solution for estimating Qt is to explore the available
energy from shortwave and longwave radiation at the water–atmo-
sphere interface. The annual radiation cycle is namely regarded as the
general key driver of Qt variability and Qt has to be a certain fraction
of Rn. Some studies (Choudhury, Idso, & Reginato, 1987; Clothier et al.,
1986; Verhoef, 2004) observed strong relationship between the soil
heat flux density (G) and Rn for land surfaces (the energy balance equa-
tion for land surface is described as Rn=H+ λE+ G). Since then, em-
pirical procedures have been developed to estimate G from Rn (e.g.
Allen, Tasumi, & Trezza, 2007; Bastiaanssen, Menenti, Feddes, &
Holtslag, 1998; Su, 2002). Similarly, heat storage in urban environments
has also been found to be strongly related to Rn. Methods based on
t storageQt, and (b) the scatterplot of Qt against Rn (the number for each point refers to the
nimumof Qt, respectively. The Qt-eqmeans the assumed equilibrium point Qt= 0Wm−2,

image of Fig.�1
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estimating the urban heat storage term from Rn have been developed
and widely used in many studies (Grimmond & Oke, 1999;
Grimmond, Cleugh, & Oke, 1991; Oke & Cleugh, 1987; Rigo & Parlow,
2007). Souch, Wolfe, and Grimmond (1996) found that heat storage
flux can be estimated extremely well from Rn for wetlands in the
Indiana Dunes National Lakeshore. Jensen, Dotan, and Sanford (2005)
related daily Qt to radiation data for Lake Berryessa in California
(U.S.A.), and found that the estimated daily Qt compared reasonably
well with measured data.

Remote sensing estimates of spatially distributed Rn in conjunction
with surface temperatures from water bodies are an attractive dataset
for assessing Qt and need to be explored further. Satellite data are
publicly accessible from the earth observation data archive centers
that store recurrent daily data on global radiation, surface albedo and
surface temperature (sometimes also net all wave radiation). The
satellite surface temperature data (e.g. AVHRR (Advanced Very High
Resolution Radiometer) and MODIS (Moderate Resolution Imaging
Spectroradiometer)) have been used for many lakes' studies (e.g.
Chavula, Brezonik, Thenkabail, Johnson, & Bauer, 2009; Crosman &
Horel, 2009; Duan & Bastiaanssen, 2013b) and evaluation showed that
satellite data were in good agreement with measured lake surface tem-
perature (e.g. Reinart &Reinhold, 2008; Sima, Ahmadalipour, & Tajrishy,
2013). The following research questions were defined in order to make
computations of heat storage changes in the world's lakes and reser-
voirs more generic:

(1) Can we gain more understanding of generic heat storage change
mechanisms by reviewing published in-situ data from several
lakes with different characteristics across the world?

(2) How well can Qt be estimated from Rn for water bodies, in anal-
ogy to the solutions developed for land, urban and wetland
areas?

(3) Can we generalize a new empirical procedure for estimating Qt

that fits the data from several lakeswith different characteristics,
and if so, what is the accuracy attainable?

This paper discusses these research questions by developing a new
empirical procedure for the assessment of Qt in open water bodies.

2. Database establishment and analysis from literature survey

This section reviews the literature on heat storage changes in lakes
and reservoirs and summarizes the key data necessary and collected
for establishing a database for further analysis. The following criteria
were used to determine whether a particular published paper could
be included in the database; (i) the publication should provide detailed
values of measured energy balance components (at least Rn and Qt, al-
though preferably all components of Eq. 1); (ii) themethods tomeasure
Qt should be based on eitherwater temperature profiles (labeled as pro-
file Qt) or the residual method (labeled as residual Qt). The residual
method computes Qt as Rn-H-λE (e.g. Blanken et al., 2000; Blanken,
Spence, Hedstrom, & Lenters, 2011); (iii) water surface temperature
(T0) and air temperature (Ta) measurements should have been mea-
sured as additional variables; (iv) the dataset should comprise a mini-
mum period of one annual cycle with a maximum time step of one
month.

Only a limited number of publications met the aforementioned se-
lection criteria. Unfortunately, for many publications it was difficult to
extract the data values from the presentations by those papers, and
they were rejected for further consideration. Finally 22 lakes located
in 8 countries were used for the database. Lake Erie was counted
twice (No. 1 and 17 in Table 1) as two different publications provided
different datasets in terms of time periods and used methods. The 22
lakes span in latitude from 15.5° S to 46° N, and represent elevations
ranging from −69 m above mean seal level (AMSL) (Salton Sea) up to
+3812 m AMSL (Lake Titicaca). Their maximum depths vary between
7 m (Lake Barco) and 501 m (Lake Tahoe). The surface areas range
from 0.11 km2 (Lake Barco) to 82,000 km2 (Lake Superior). Table 1
lists the established database with characteristics of lakes, available
data, time scales and references.

It is well worth remarking on some practical issues on data
sources for all 22 lakes. Because previous studies were carried out
separately by different researchers, the specifications and quality
control of the data are expected to be different. Although ideally Rn
data should be measured directly over-water, this requirement is
rarely met and most studies used data from land stations or the
shoreline close to the studied lakes. For 22 lakes summarized in
Table 1, only Lake Nasser has direct measurements of Rn over-
water. The data of Rn for Lake Tahoe were directly measured at the
lake shoreline. For other lakes, Rn data were either half-measured
and half-estimated or estimated entirely because of no direct mea-
surements. According to Elsawwaf and Willems (2012) who mea-
sured Rn for Lake Nasser, the empirical equations by FAO-56
procedure (Allen, Pereira, Raes, & Smith, 1998) were often used to
fill gaps in data or unavailable data, and they found the estimated
Rn agreed well with measurements. One would argue that the
methods and data sources of Rn for 22 lakes in Table 1 were different,
thus Rn involved different degrees of uncertainty. We assumed nev-
ertheless that the data and methods summarized in Table 1 were
practically the better ones that are available. For the sake of simplic-
ity and consistency, all available data from literature were referred to
“measured” ones to distinguish them from the estimated or modeled
counterparts in this study.

3. Methods

3.1. The new hysteresis model for estimating Qt from net all wave
radiation Rn

Rn can be estimated from remote sensing data with good agree-
ment with field measurements (Bisht & Bras, 2010; Jin, Randerson,
& Goulden, 2011), and this is an attractive solution for quantifying
the spatial distribution of Qt, assuming that a relationship between
heat storage changes in water bodies Qt and Rn exists. The data ex-
tracted from literature (Table 1) have been used to verify such
intra-annual Qt(Rn) relationship for each lake. The initial analysis
showed that a straightforward simple linear model (Qt = a ∗ Rn +
b) was statistically not acceptable. The intra-annual relationship be-
tween Qt and Rn shows a hysteresis pattern for certain lakes. The
hysteresis pattern depicts the shift in the Qt(Rn) relationship during
warming (increasing Rn) and cooling (decreasing Rn) periods. To
our knowledge, it is the first time that a hysteresis pattern in the
Rn–Qt relationship for lakes is reported. Fig. 1 illustrates the typical
hysteresis pattern observed for Lake Vegoritis (Table 1) as an exam-
ple. An analytical procedure needs to be found that describes this
hysteresis process.

Similar hysteresis patterns have been documented in the relation-
ship between hourly soil heat flux and net all wave radiation
(Camuffo & Bernardi, 1982) based on field measurements. For urban
areas, Grimmond and Oke (1999) detected a hysteresis behavior in
the relationship between hourly heat storage flux and net all wave radi-
ation for all seven cities which are located in North America across a 30°
latitude range and are different in terms of synoptic-scale climates, sur-
face cover and structuralmorphologies; Souch et al. (1996) found a sim-
ilar hysteresis effect in the relationship between hourly storage change
flux and net all wave radiation for wetlands in the Indiana Dunes Na-
tional Lakeshore based on direct measurements and eddy correlation
techniques for a 10-day period in June 1994. Although being a
completely different topic, the relationship between solute and sedi-
ment concentration or discharge (Eder, Strauss, Krueger, & Quinton,
2010; House &Warwick, 1998; Rose, 2003) also revealed hysteresis ef-
fects. Generally, these studies all use a similar hysteresis-type model to
describe the functional relationship between two variables of interest.



Table 1
Database on heat storage changes compiled from literature survey for analysis in this study.

No. Data
type

Lakes State/
country

Latitude
(°)

Elevation
(m)

Depthmean

(m)
Depthmax

(m)
Area
(km2)

Data period Time
scale

References

1 A Erie U.S.A.–
Canada

42.2 173 19 64 25744 Multiple-year average,
1967–1982

Monthly Schertzer (1987)

2 A Ikeda Japan 31.2 65 125 233 10.62 25-year average,
1981–2005

Monthly Momii and Ito (2008)

3 A Kinneret Israel 32.8 −212 25.6 44 166 Mar. 1949–Feb. 1950 Monthly Wartena (1959)
4 A Mendota Wisconsin,

U.S.A.
43.1 259 12.8 25 39 2-year average,

1958–1959
Monthly Dutton and Bryson (1962)

5 A Tahoe California,
U.S.A.

39 1897 313 501 495 Sep. 2003–Aug., 2004 Monthly Eddy covariance data provided by
Dr. Gayle L. Dana

6 A Titicaca Peru–
Bolivia

−15.5 3812 107 281 8372 Feb.–Dec., 1973 Monthly Delclaux et al. (2007), Kittel and
Richerson (1978)

7 A Vegoritis Greece 40.8 510 20 48 33.5 Feb. 1993–Jan. 1994 Monthly Gianniou and Antonopoulos (2007)
8 B Nasser Egypt 23 182 25 90 5250 1995–2004 Bi-

weekly
Elsawwaf and Willems (2012)

9 B Nojiri Japan 36.8 656 21 41 4.4 Jan.–Dec., 1966 Monthly Yamamoto and Kondo (1968)
10 B Sparkling Wisconsin,

U.S.A.
46 498 10.9 20 0.64 May.–Nov., 1989–1998 Bi-

weekly
Lenters, Kratz, and Bowser (2005)

11 C AWR Spain 37.6 – 5 5 0.0024 Jan.–Dec., 2007 Monthly Gallego-Elvira et al. (2010)
12 C Barco Florida,

U.S.A.
29.7 28 3 7 0.11 Jan.–Dec., 1990 Monthly Sacks, Lee, and Radell (1994)

13 C Five-O Florida,
U.S.A.

30.4 17 9.5 15 0.11 Jan.–Dec., 1990 Monthly Sacks et al. (1994)

14 C Salton
Sea

California,
U.S.A.

33.3 −69 9 16 974 Jan .2, 1962–Jan. 8, 1963 Variable Hughes (1967)

15 C Williams Minnesota,
U.S.A.

47 423 5.2 9.8 0.36 Apr. 27–Oct. 23, 1985 Variable Sturrock, Winter, and Rosenberry
(1992)

16 D AFR Idaho, U.S.A. 42.9 1325 9 16 227 May–Nov., 2004 Monthly Allen and Tasumi (2005)
17 D Erie-2 U.S.A.–

Canada
42.2 173 19 64 25744 3-year average,

1993–1995
Monthly Lofgren and Zhu (1999)

18 D Huron U.S.A.–
Canada

44.8 176 59 229 59600 3-year average,
1993–1995

Monthly Lofgren and Zhu (1999)

19 D Michigan U.S.A.–
Canada

44 176 85 282 58000 3-year average,
1993–1995

Monthly Lofgren and Zhu (1999)

20 D Ontario U.S.A.–
Canada

43.7 75 86 245 19000 3-year average,
1993–1995

Monthly Lofgren and Zhu (1999)

21 D Pretty Indiana,
U.S.A.

41.6 294 7.8 25 0.75 Mar. 20–Nov. 30, 1964 Variable Ficke (1972)

22 D Superior U.S.A.–
Canada

47.7 183 147 407 82000 3-year average,
1993–1995

Monthly Lofgren and Zhu (1999)

1. For “Data type”, GroupA covers all data for Qt, Rn, and Rn components (i.e. shortwave solar radiation and/or longwave radiation), T0, Ta; Group B covers data for Qt, Rn, T0 and Ta, but not
for Rn components; Group C covers data for Qt, Rn and Rn components, but not for T0 or Ta; Group D covers data for only Rn and Qt, not for Rn components and T0, Ta.
2. The Qt values for Lake Tahoe, American Falls Reservoir, and all last five lakes were residual Qt, others were profile Qt.
3. In the column “Time scale”, for Lake Pretty, the data intervals ranged from 13 to 22 dayswith an average of 15 days; for Salton Sea, the data intervals ranged from 11 to 19 dayswith an
average of 15 days; for Lake Williams, the data intervals ranged from 7 to 25 days with an average of 13 days. Therefore, the time-intervals for these three lakes could be considered as
approximately bi-weekly.
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The rate of change of the independent variable was used to account for
the hysteresis. We refer readers to these studies for more details. The
type of analytical procedures developed for these cases are interesting
to study, and could be used to solve the problemof heat storage changes
in lakes. Along similar lines, we tested a hysteresis model based on the
rate of change of net all wave radiation, dRn/dt, for approximating Qt

in lakes as:

Qt ¼ aRnþ bþ c
dRn
dt

ð3Þ

where, dRn/dt is the rate of the change (or time derivative) of Rn. The
term dRn/dt is used to account for the hysteresis-caused deviations
from (or deviations that could not be explained by) the linear
model (Qt = a ∗ Rn + b). Both numerical and analytical methods
can be used to calculate dRn/dt. Our initial comparative analysis
showed that the analytical method generated better dRn/dt results,
and the statistically best fitting regression model of Rn(t) was
employed further in this study. Different types of regression models
were investigated and the sinusoidal model similar to Gallego-Elvira
et al. (2010) provided the best fit. The sinusoidal model selected was
also favored in other studies to describe heat flux variability over
time (e.g. Rimmer et al., 2009). The sinusoidal function was de-
scribed as:

Rn ¼ a1 þ a2 sin
2π xþ a3ð Þ

N

� �
ð4Þ

where a1, a2 and a3 are best-fit determined coefficients, N is the total
number of days in a year, i.e. 365 for a normal year while 366 for a
leap year. x refers to the day of the year (DOY). The DOY is 1 for Jan-
uary 1 and 365 or 366 for December 31, for both the northern (pos-
itive latitude) and southern hemispheres (negative latitude)
following Allen et al. (1998). The appealing aspect of this sinusoidal
function is that it accounts for different time scales in a consistent
way. For different time scales, the DOY of the middle day of each pe-
riod (i.e. monthly, bi-weekly, variable period) was used as x. The
time derivative dRn/dt can thus be calculated by solving the analyt-
ical differentiation of Eq. (4) once the three coefficients were
determined.
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The development of the hysteresis model involves two steps: first,
all pairs of measured (Rn, Qt) values of the 22 lakes and reservoirs
were used to develop the averagemodel in case that hysteresis is absent
(Qt= a ∗ Rn+ b). Next, the residuals between themeasured Qt and the
linearly predicted Qt values were computed, and these residuals were
subsequently related to dRn/dt to determine the coefficient c of
Eq. (3). The hysteresis model was performed consistently for all 22
lakes in Table 1 withmeasured Qt and Rn data, and the lake-specific co-
efficients a, b and c were determined. To quantitatively assess the pre-
dictive ability of the new Qt(Rn) hysteresis model, the estimated Qt

using the hysteresis model were compared with measured Qt. The R2

(the coefficient of determination) and RMSE (Root Mean Square
Error) were used for comparative purposes.

3.2. Evaluation of the Slob's equation for computing Rn from Rs

Since the approximation of Qt is based on Rn and satellites do not
measure Rn, an empirical relationship between satellite observations
and Rn had to be determined for water bodies. Shortwave solar radia-
tion (Rs) can be estimated accurately from satellite data (e.g. Alados,
Foyo-Moreno, Olmo, & Alados-Arboledas, 2003; Mueller, Matsoukas,
Gratzki, Behr, & Hollmann, 2009; Pinker, Frouin, & Li, 1995;
Sanchez-Lorenzo, Wild, & Trentmann, 2013). Satellites measure the re-
flectivity of top-of-the-atmosphere (TOA), and use that combined with
atmospheric variables such as water vapor content, ozone content and
aerosol optical thickness to determine the broadband atmospheric
transmittance for incoming solar radiations. Details on estimation
methods for Rs based on satellite data can be found in many reviews
(e.g. Liang, Wang, Zhang, & Wild, 2010; Pinker et al., 1995). The broad-
band surface albedo can be derived from narrow band surface reflec-
tance (Liang et al., 2010; Menenti, Bastiaanssen, & Vaneick, 1989).
Because water bodies have dark surfaces, their surface albedo (α) is
usually small (Brutsaert, 1982). Nevertheless, they are not constant,
and change with the depth of water, water quality and more. Hence,
the challenge is to test an empirical method that relates Rs and α to Rn.

Various methods for computing Rn for land surfaces were recently
reviewed (Kjaersgaard, Cuenca, Plauborg, & Hansen, 2007;
Kjaersgaard et al., 2009), and the simple Slob's equation (De Bruin,
1987; De Bruin & Stricker, 2000)was evaluated favorably. In the current
study we investigated the performance of the Slob's equation (details
are described later) for open water bodies. The Slob's equation was
first developed for grasslands in the Netherlands (De Bruin, 1987).
The equation is described as:

Rn ¼ 1−αð ÞRs−aslob
Rs
Ra

ð5Þ

where Rs is the shortwave solar radiation (Wm−2), Ra is the extrater-
restrial radiation (W m−2), α is the albedo of water (usually taken as
0.05, see for instance Linacre (1977)), and aslob is the regression coeffi-
cient for net longwave radiation (W m−2). The Slob's equation relates
for simplicity net longwave radiation to the atmospheric transmissivity
in the shortwave range because the bulk transmission through the at-
mosphere is like the apparent emissivity of the atmosphere also a func-
tion of atmosphericwater vapor (Teixeira, Bastiaanssen, Ahmad,Moura,
& Bos, 2008). The computation of Ra is purely theoretical, and based on
the latitude, and the day of the year (DOY) such as for instance de-
scribed in Allen et al. (1998):

Ra ¼ 11:6

� 24 60ð Þ
π

Gscdr ωs sin φð Þ sin δð Þ þ cos φð Þ cos δð Þsin ωsð Þð Þ ð6Þ

where, Gsc is the solar constant (0.082MJm−2 min−1); dr is the inverse
relative distance Earth−Sun;ωs is the sunset hour angle in radians;φ is
the latitude in radians; δ is the solar declination in radians. The constant
11.6 is the unit convertor fromMJm−2 day−1 toWm−2. The distance to
sun (dr) and solar declination (δ) are calculated as a function of the DOY.
The sunset hour angle ωs is calculated as a function of φ and δ.

The original value for the empirical coefficient in the Slob's equation
for grasslands was aslob = 110 W m−2 (De Bruin, 1987). Teixeira et al.
(2008) found aslob = 143W m−2 to be suitable for natural ecosystems
and irrigated fruit crops in the Sao Francisco Basin (Brazil). The coeffi-
cient aslob = 85 W m−2 was found suitable for Taastrup with sub-
humid high-latitude climate regime in Denmark, and a value of
aslob = 92 W m−2 was determined for Zaragoza with a semi-arid mid-
latitude climate regime in Spain (Kjaersgaard et al., 2009).

In this study, the net longwave radiation coefficient aslob in the Slob's
equation Eq. (5) was calibrated using measured data. For comparison,
the original Slob's equation with the coefficient aslob = 110 W m−2

was also used to generate Rn estimates. Results between original Slob's
derived Rn and calibrated Slob's derived Rn were compared to show
whether calibration of aslob is an essential requirement. This was mo-
tived by the fact that many lakes have no data to verify the coefficient
of the net longwave radiation.

4. Results and discussion

4.1. Results of the new hysteresis model

Table 2 summarizes the three coefficients (a, b, and c) of the hyster-
esis model for each individual lake as well as the statistical performance
(R2 and RMSE). Fig. 2 shows the scatterplot of the estimated Qt against
measured Qt for all 22 lakes at bi-weekly time intervals or longer de-
pendingon the availability of data (Table 2). A good agreement between
measured and modeled Qt values can be clearly observed in Fig. 2. The
lowest R2 of 0.25was observed for Lake Barco in Floridawith an average
depth of 3m and a size of 0.11 km2. The coefficients a and bwere signif-
icantly smaller than those of other lakes. Lake Barco is the shallowest
among the 22 lakes. This may suggest that Qt for Lake Barco was not
dominantly determined by Rn, but more by heat advection from river
flow. Despite the low R2, the RMSE of 13 W m−2 was relatively low,
indicating that the hysteresis model would not introduce too much
error in Qt for Lake Barco. All other 21 lakes exhibit a R2 exceeding
0.54. As presented in Table 2, the average R2 was 0.83 and RMSE was
22 W m−2. This indicates that overall the hysteresis model performed
well for a wide range of open water bodies, implying the reliability
and potential to estimate Qt from Rn.

Sufficient reliability of the model Qt = a ∗ Rn + b + c ∗ dRn/dt is
herewith demonstrated. However, the three coefficients in Table 2 can
only be determined with values of Qt and Rn being available at bi-
weekly or monthly time scale. The a, b, and c coefficients vary largely
among the lakes, which rejects the hypothesis of using a generic set of
coefficients for computing Qt. Testing analysis using the average coeffi-
cients in Table 2 to each lake resulted in very poor Qt estimates (not
shown). Therefore, lake-specific coefficients should be determined
using predictive models for a, b and c. The practical question is how to
determine these three coefficients for a given open water body in the
absence of in-situ data. We first explored correlations between the a,
b, and c coefficients and the lake physical characteristics (latitude, eleva-
tion, surface area, mean depth, maximum depth). No systematic corre-
lation with physical properties could be found. Because satellites with
thermal infrared radiometers can measure the water surface tempera-
ture, being a key parameter to express the magnitude of water–atmo-
sphere heat exchanges, we used surface temperature characteristics to
determine a, b and c coefficients. There is also some support for inclu-
sion of temperature characteristics to describe heat storage changes
from other sites (e.g. Anandakumar, 1999). The mean, maximum, min-
imum, range (i.e. the difference between the maximum and minimum
surface temperature T0 in a year, labeled as T0-Range), standard deviation
of T0 (labeled as T0-STD), and the difference in T0 between two consecu-
tive periods over the time ΔT0/Δt (where ΔT0(ti) = T0(ti) − T0(ti − 1))
were investigated. It should be noted that in Table 1 only 10 lakes



Table 2
Summary of the locally calibrated three coefficients of the new hysteresis model, and the statistical agreement with the measured Qt for all 22 lakes. The “Average” is just the numerical
mean of all rows. The order is consistent with that of Table 1.

Lakes Time scales No. of data pairs Qt = a ∗ Rn + b + c ∗ dRn/dt Estimated Qt

a b (W m−2) c (day) R2 RMSE (W m−2)

Erie Monthly 12 1.50 −137.87 48.48 0.92 29.64
Ikeda Monthly 12 1.49 −127.78 43.71 0.99 7.62
Kinneret Monthly 12 0.50 −70.02 20.48 0.68 34.83
Mendota Monthly 12 0.81 −65.10 52.77 0.96 16.72
Tahoe Monthly 12 1.05 −120.60 24.86 0.97 17.06
Titicaca Monthly 11 1.61 −272.10 0.85 0.81 23.43
Vegoritis Monthly 12 0.87 −52.58 45.66 0.92 19.60
Nasser Bi-weekly 26 0.83 −120.69 −10.01 0.72 28.18
Nojiri Monthly 12 1.36 −124.11 14.78 0.96 14.72
Sparkling Bi-weekly 13 0.91 −101.00 4.49 0.96 11.35
AWR Monthly 12 0.25 −24.96 15.18 0.85 10.51
Barco Monthly 12 0.08 −4.11 8.29 0.25 13.15
Five-O Monthly 12 0.49 −55.33 41.98 0.83 17.55
Salton Sea Variablea 25 0.31 −39.31 15.78 0.55 34.23
Williams Variablea 12 0.86 −73.67 8.14 0.76 25.39
AFR Monthly 7 0.63 −25.39 3.29 0.76 22.64
Erie-2 Monthly 12 1.51 −102.55 20.08 0.98 15.28
Huron Monthly 12 1.60 −94.37 3.70 0.97 22.47
Michigan Monthly 12 1.66 −98.36 4.24 0.98 19.81
Ontario Monthly 12 1.60 −90.57 2.62 0.96 24.06
Pretty Variablea 19 0.62 −49.29 28.82 0.59 47.52
Superior Monthly 12 1.68 −115.33 −7.99 0.99 18.19
Average 13.32 1.01 −89.32 17.74 0.83 21.54

a The “variable” could be considered as approximately bi-weekly time scales. See Table 1 footnotes for details.

148 Z. Duan, W.G.M. Bastiaanssen / Remote Sensing of Environment 156 (2015) 143–156
(labeled as A or B in the columnof “Data type”) havemeasured and doc-
umented all required temperature data. The temperature data for Lake
Sparkling were available for only 7 months, being insufficient for inclu-
sion in the annual situation. As a result, the predictive model for the a, b
and c coefficients could be tested for 9 lakes only. The available data
were at monthly time scale for all 9 lakes except Lake Nasser that had
bi-weekly data. To keep consistency in time scale, the bi-weekly data
Fig. 2. Comparison ofmeasured and estimated heat storage changes (Qt) using the hyster-
esis model (Qt = a ∗ Rn+ b+ c ∗ dRn / dt) with net all wave radiation Rn and locally cal-
ibrated coefficients (a, b and c) on the basis of the experimental values for all 22 lakes.
Details on the locally calibrated coefficients and time scales are presented in Table 2.
for Lake Nasser were aggregated to monthly values following the
procedure by Sacks et al. (1994). Using the monthly flux data resulted
in the locally calibrated hysteresis model for Lake Nasser as Qt =
0.84 ∗ Rn − 122.63 − 10.30 ∗ dRn/dt, and the modeled Qt had R2 =
0.79 and RMSE= 23Wm−2 when compared with measured Qt. Inter-
estingly, all three coefficients (a, b and c) of the hysteresis model de-
rived using monthly data showed little differences from those
determined at bi-weekly time scale (Table 2). This may suggest that
the hysteresis model derived using monthly data could also be used to
estimate bi-weekly values using corresponding Rn as input.

The following regression analysis was conducted at monthly time
scale for all 9 lakes for the sake of consistency. Various simple linear
andmultiple regressionmodels with varying combinations of all poten-
tial explanatory variables were assessed. Only models passing signifi-
cance test at P b 0.05 level were considered further. Finally, the best
regression model for each coefficient was established, which is de-
scribed as:

a ¼ −0:005bþ 0:57; R2 ¼ 0:55 ð7Þ

b ¼ 6:05T0−Range−223:80; R2 ¼ 0:46 ð8Þ

c ¼ −15:95T0−Range þ 48:76T0−STD −6:46; R2 ¼ 0:78: ð9Þ

The results show that the coefficient cwas best explained by a mul-
tiple regression between T0-Range and T0-STD which accounted for 78% of
the variation in the coefficient c. The best prediction model for the coef-
ficients a and b had an explanatory variability of 55% and 46%, respec-
tively. Despite that the predictive model for coefficient c cannot be
considered ideal, we assumed Eq. (9) as the “best” available one in
this study. The lower correlations found for the coefficients a and bmo-
tivated us to develop an alternative predictionmodel, but with no extra
field information required. The method to determine a and b is the es-
sential part of the proposed procedure in this study, which is described
in details in Section 4.3.

image of Fig.�2


Table 3
Summary of calibrated coefficients in the Slob's equation and estimated Rn results when comparedwithmeasured Rn for 12 lakeswith adequate data. The “Average” is just the numerical
mean of all rows. The order is consistent with that of Table 1.

Lakes Time scales Calibrated coefficient aslob (W m−2) Comparisons with measured Rn

Estimated Rn using calibrated
coefficient

Estimated Rn using
aslob = 110 W m−2

R2 RMSE (W m−2) R2 RMSE (W m−2)

Erie Monthly 115.06 0.98 9.01 0.98 9.31
Ikeda Monthly 143.83 0.99 14.06 0.99 20.55
Kinneret Monthly 118.52 0.98 15.43 0.98 16.34
Mendota Monthly 141.79 0.97 14.66 0.97 21.57
Tahoe Monthly 137.16 0.99 7.25 0.99 19.83
Titicaca Monthly 136.30 0.96 9.06 0.97 20.13
Vegoritis Monthly 156.76 0.97 11.28 0.97 23.36
AWR Monthly 116.34 0.98 9.92 0.98 10.56
Barco Monthly 97.27 0.99 4.44 0.99 8.21
Five-O Monthly 113.99 0.99 5.44 0.99 5.82
Salton Sea Variablea 122.94 0.96 26.58 0.96 27.95
Williams Variablea 181.91 0.93 14.31 0.96 35.84
Average 131.82 0.97 11.79 0.98 18.29

a The “variable” could be considered as approximately bi-weekly time scales. See Table 1 legends for details.
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4.2. Results of the Slob's equation for computing Rn from Rs

The Rs/Ra ratio refers to the atmospheric bulk transmittance for
shortwave radiation, which is largely controlled by cloud cover. The
Rs/Ra ratio can be inferred frommulti-spectral satellite data that direct-
ly estimates cloud cover, or alternatively from Eq. (6) that describe Ra
and an in-situ measurement of Rs at routine weather stations. For the
currently analysis, we used the experimental Rs and Rn values reported
for the 22 lakes and reservoirs. Following Allen and Tasumi (2005), we
fixed the surface albedo at 0.05 for simplicity. Following Teixeira et al.
(2008) and Kjaersgaard et al. (2009), the measured net longwave radi-
ation was consequently approximated as being (Rn–0.95Rs) and this
measured value was compared against actual measurements of Rs/Ra
to determine the coefficient a in the Slob's equation (Eq. 5). As shown
in Table 1, among 22 lakes 12 lakes (labeled as A or C in the column of
“Data type”, variable timescale for Salton Sea and Lake Williams,
monthly timescales for the remaining 10 lakes) have all the required
data to undertake this analysis. Table 3 summarizes the results. In addi-
tion, the estimated Rn values using the default coefficient aslob =
110 W m−2 are presented. The estimated Rn values with fixed and
variable aslob coefficient agreed well with measured Rn values (Fig. 3).
The average R2 for both cases is greater than 0.96 (Table 3). On
average, the RMSE was 12 W m−2 when using the variable aslob
coefficient in the Slob's equation. The aslob coefficient ranged between
97 and 182Wm−2, however as expected, using the original coefficient
of 110 W m−2 in the Slob's equation gave a higher RMSE value
(18 W m−2). The largest RMSE of 36 W m−2 was found for Lake
Williams where the calibrated aslob coefficient (182 W m−2) differed
largely from the original coefficient of 110 W m−2. However, the con-
stant aslob of 110 W m−2 is more practical, and the simple Slob's equa-
tion when combined with the albedo of 0.05 for lakes performs
sufficiently well in describing the Rn of water surfaces. Considering
the fact that Rs can be estimated accurately from satellite data (Alados
et al., 2003; Liang et al., 2010; Mueller et al., 2009; Pinker et al., 1995;
Sanchez-Lorenzo et al., 2013), we consider it being feasible to apply
the Slob's equation with standard coefficient to estimate Rn for lakes
from satellite measurements.
4.3. Interpretation of coefficients a and b in the hysteresis model

Section 4.1 suggests that the hysteresis model can explain most of
the variation (83%) in Qt using Rn. The coefficient c has been found to
be best described by T0-Range and T0-STD (Eq. 9). However, the
coefficients a and b could not be well predicted, and an alternative
solution has been worked out. In this new method, we tried to find
three typical pairs of (Rn, Qt) in the annual cycle of Qt and Rn that
represent the extreme conditions. Three pairs of (Rn, Qt) were used to
fit a linear model (Qt = a ∗ Rn + b) from which the coefficients a and
b were determined. The basic assumption is that these three typical
pairs of (Rn, Qt,) could mimic all pairs of (Rn, Qt) and provide accurate
estimates of the a and b coefficients. We analyzed the values and caus-
ing factors of the minimum (Qt-min), maximum (Qt-max), and equilibri-
um value (Qt-eq) of Qt in an annual cycle. Their matching Rn values
were inferred to construct three pairs of (Rn, Qt). The following sub-
sections describe the determination of these three typical data pairs.

4.3.1. Determination of Qt-min

The lowest value of each Qt time series was selected and used to be
predicted by various temperature characteristics and various tested re-
gressionmodels. The T0-STD was found to be the variable which can best
explain the variability of the Qt-min dataset with a linear function. We
used both in-situ and satellite measurements of T0, andwill first discuss
the results with the in-situ measurements. The value for T0-STD happens
to predict themodification of the enthalpy in lakes, because large annu-
al temperature variability indicates significant heat storage fluctuations.
The regression analysis between Qt-min and T0-STD for 9 lakes with nec-
essary data at monthly time scale (as mentioned above in Section 4.1)
is illustrated in Fig. 4. The empirical function of Qt-min and T0-STD was
constructed as:

Qt−min ¼ −7:55T0−STD−71:47: ð10Þ

While T0-STD was least successful in describing the coefficients a and
b, it ismore suitable to directly predict the lowest value of Qt-min that oc-
curs in an annual cycle. The larger the T0-STD, the lower (or larger in ab-
solute value) the minimum value for Qt will be. The measured Qt-min

values in Fig. 4 range from −90 to −157 W m−2 with the mean value
of−118Wm−2. Using the linear function Eq. (10) resulted in the esti-
mated Qt-min values had a RMSE of 14Wm−2 accounting for 12% of the
mean value ofmeasured Qt-min values. This suggests the reasonable per-
formance of the Eq. (10) in estimating Qt-min. Unfortunately, the
empirical equation was based on only nine lakes which have the com-
plete dataset. This empirical equation should be refined once more
lakes with complete datasets become available. For the current study,
this empirical equation was used to determine the value of Qt-min

using T0-STD.
The timing of occurrence of Qt-min should be inferred for deter-

mining the matching Rn value (Rn at Qt-min). We found that Qt-min

and Qt-max do not always coincide with the minimum Rn and the



Fig. 3. Scatterplots of the measured values of bi-weekly or monthly net all wave radiation (Rn) against the estimated values of Rn using (a) calibrated Slob's equation (Table 3) and
(b) original Slob's equation with a coefficient of 110 W m−2.
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maximum Rn values, because the water body has a thermal inertia
and phase shifts induce a hysteresis effect. The datasets for Pretty
Lake, Salton Sea and Williams Lake have an irregular time interval
(see Table 1), which makes it more difficult to find the timing of ex-
treme values (Qt-min and Qt-max). The exact timing that coincides
with the extreme values of Qt, are therefore not straightforward to
derive. By analyzing the correlation between Qt-min and other climat-
ic variables for each lake, we found that ΔT0/Δt – being the rate of
change of water surface temperature – is best to infer the timing at
which Qt-min applies (see Fig. 5). Fig. 5 indicates that Qt-min tends to
occur when ΔT0/Δt reaches the minimum value while Qt-max occurs
when ΔT0/Δt reaches the maximum value. Because T0 can be derived
from operational earth observation satellites with thermal infrared
radiometers, time series of T0(t) can be measured for every cloud
free lake or reservoir, and values of ΔT0/Δt can be derived in a rou-
tine manner.
Fig. 4. Regression analysis between the minimum value of heat storage changes (Qt-min)
and the standard deviation of water surface temperature (T0-STD) based on nine lakes at
monthly time scale (labeled as A or B in the column of “Data type” in Table 1 except
Lake Sparkling with data covering only seven months).
4.3.2. Determination of Qt-max

Since the heating up or cooling down periods of water bodies are ex-
pected to be the same over a long period of time, and provided that
there are no large variations in lake volume and wind condition in a
year, their minimum and maximum values of Qt in an annual cycle
should be of a similarmagnitude. This hypothesiswas tested by plotting
pairs of Qt-max and Qt-min for all 18 lakes that had complete annual data
from the dataset in Table 1 (Fig. 6). Fig. 6 confirms that in general Qt-max

can be estimated as the opposite value of Qt-min. The slope (−0.93) in
the linear fit of Qt-max and Qt-min is near to −1.0 with a high R2 of
0.87, and the assumption is thus reasonable.

The timing of Qt-max generally occurs when ΔT0/Δt reaches a maxi-
mum value, i.e. the rate of water temperature rise is high, and corre-
sponds to huge amounts of energy stored in the lake. The
correspondingRn at the timeofmaximumΔT0/Δt was used to construct
the second data pair (Rn at Qt-max, Qt-max).
Fig. 5. Comparison of the extreme values of the heat storage changes (Qt) and the differ-
ences in water surface temperature between two consecutive periods over the time
(ΔT0/Δt). The timescale is monthly.
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Fig. 6. Scatterplot of theminimumvalue of heat storage changes (Qt-min) against themax-
imumvalue of heat storage changes (Qt-max) for 18 lakes that had complete annual data in
Table 1 (excluding lakes Sparkling, Pretty, Williams and AFR with data incomplete for an
annual cycle). This is meant to show that Qt-max can be estimated as the opposite value
of Qt-min.

151Z. Duan, W.G.M. Bastiaanssen / Remote Sensing of Environment 156 (2015) 143–156
4.3.3. Determination of Qt-eq

A water body functions as a sink (positive Qt value) and source of
heat (negative Qt value) throughout the year (see Fig. 1a). A particular
period in the year can be identified when Qt is close to 0 W m−2, and
such Qt was referred to as the equilibrium value (Qt-eq). In this study,
we assume that a point Qt = 0 W m−2 will exist. The third data pair
(Rn at Qt-eq, Qt-eq) can be considered as an extra and fundamental pair
to establish the functional relationship between Qt and Rn in order to
determine the coefficients a and b. All available datasets prepared for
this paper have a long interval, and Qt at a monthly time step is rarely
exactly 0 W m−2. Thus, there is an uncertainty related to Qt-eq and
also to its corresponding Rn value. As shown in Fig. 1, Qt-eq must be in
the middle of the periods where Qt-max and Qt-min occur and the sim-
plest approximation is to consider the numeric average of the periods
at which Qt-max and Qt-min occur. For example as shown in Fig. 1a,
Lake Vegoritis has a Qt-max during May and Qt-min during November. It
is highly likely that Qt-eq occurs during August, assuming that the
Qt(t) has a regular and sinusoidal temporal behavior. Fig. 1a shows
that the real Qt in August (1.4 W m−2) is indeed very near to
0 W m−2 for Lake Vegoritis.

We checked the impact of including the third data pair (Rn at Qt-eq,

Qt-eq) on the accuracy of the resulting Qt estimates. It was found that
the accuracy of estimated Qt using two data pairs was lower than that
with the inclusion of the third data pair. Therefore, despite the associat-
ed uncertainty in the timing that Qt-eq occurs, it is preferred to include
this third data pair to establish the linear relationship between Qt and
Rn and to estimate the lake specific a and b coefficients.
4.4. Implementation and evaluation of the proposed procedure for estimat-
ing Qt

According to the above procedures, three pairs of Rn and Qt (Qt-min,
Qt-eq and Qt-max) can be used in a regression analysis to determine the
coefficients a and b in Qt = a ∗ Rn + b. Only annual time-series of Rn
and T0 are needed to predict a, b and c. Surface temperature records
can be derived from earth observation datasets such as Landsat (60–
120 m thermal pixels, 16-day revisit period), FengYun (300 m thermal
pixels, daily), VIIRS (Visible Infrared Imager Radiometer Suite, 375 m
thermal pixels, twice daily), MODIS (1000 m thermal pixels, twice
daily), AVHRR (1100m thermal pixel, twice daily), ATSR (1000m ther-
mal pixels, 3-day repeat cycle), and geostationary satellites with a pixel
size between 1000 m and 5000 m (GOES (Geostationary Operational
Environmental Satellites), MSG (Meteosat Second Generation), hourly
or 15 min). Bi-weekly and monthly values of T0 can be compiled from
these instantaneous satellite measurements. The values for Rn can be
computed from Eq. (5) using the solar radiation data (Rs) from satel-
lites. The surface albedo can be acquired from sensors with visible and
near infrared reflectance, although the application of a default value of
0.05 is doable for most cases. MODIS and MSG provide standard albedo
products that can be downloaded without charge. Various satellite-
derived Rs data can be obtained from many sources, e.g. Landsaf
(http://landsaf.meteo.pt/), and the Satellite Application Facility on Cli-
mate Monitoring (CM SAF) (http://www.cmsaf.eu), Earth Radiation
Budget Experiment (ERBE) data, Clouds and the Earth's Radiant Energy
System (CERES) data, Global Energy and Water Cycle Experiment Sur-
face Radiation Budget (GEWEX-SRB) and International Satellite Cloud
Climatology Project (ISCCP) FD products. A review on various satellite
solar radiation and albedo products and estimation algorithms has
been given by Liang et al. (2010). More recently (June 2013), the Global
Land Surface Satellite (GLASS) products including solar radiation data
has also been released by Global Land Cover Facility (GLCF) (http://
glcf.umd.edu/library/news/#GLCF060513). For a given lake, the repre-
sentative lake-wide average value of T0 and Rn can be computed by av-
eraging all satellite pixels within this lake after omitting pixels in the
fringe of the lake edgewhich likely represent very shallow areas and in-
clude the contaminated information from land areas.

One hypothesis of this paper is that the in-situ values for water sur-
face temperature T0 can be approximated from thermal infrared satel-
lite measurements. This hypothesis was tested by exploring satellite-
based water surface temperature data. The new ARC-Lake (ATSR
Reprocessing for Climate) product (version 3) based on ATSR (Along
Track Scanning Radiometer)-series satellites (ATSR-1, ATSR-2 and Ad-
vanced ATSR) to produce lake surface water temperature for a total of
initial 1628 lakes/reservoirs at a spatial resolution of 0.05° for a maxi-
mum period 1991–2011 has been explored for this purpose. The ARC-
Lake surface temperature values are generated using the optimal esti-
mation retrieval scheme with atmospheric and emissivity correction
procedures (MacCallum & Merchant, 2012). More details on the pro-
cessing and algorithms for creating ARC-Lake product and download-
able data are available at http://www.geos.ed.ac.uk/arclake/.

The satellite-derived T0 data for Lake Tahoe and Lake Nasser were
taken from the ARC-Lake product and compared with in-situ measure-
ments during the matching period (monthly values during September
2003–August 2004 for Lake Tahoe, bi-weekly and monthly values dur-
ing 1995–2004 for Lake Nasser). It should be noted that ARC-Lake prod-
uct provides daytime and nighttime satellite-derived T0 data separately.
The average of daytime and nighttime T0 data was computed and used
to compare with in-situ measurements. Fig. 7 shows the spatial distri-
bution ofmonthly T0 data fromARC-Lake for both lakes, and scatterplots
of spatially averaged T0 values against in-situ measurements. Only spa-
tial map for one month for Lake Nasser (August 1995) and Lake Tahoe
(August 2004) is presented for illustrative purpose. For Lake Nasser,
the spatial variation wasmore than 1 °C at themonthly time scale, sug-
gesting that the T0 measurements from a single gauge station are insuf-
ficient to represent the whole long-narrow shaped lake. The spatial
differences in T0 for Lake Tahoe at the monthly time scale are smaller.
This might be related to the deep dimensions of Lake Tahoe.

A good agreement between satellite-derived and measure values of
T0 was found, and this implies that satellite-based measurements and
in-situmeasurements of T0 are interchangeable. Overall, the high corre-
lation (R2 is 0.91 to 096) indicates that the seasonal trend is captured ac-
curately. The RMSE is less than 2 °C. The satellite-based T0 values are
found generally to be higher than in-situ measurements. This could be
attributed to the thermal path radiance that is included in the satellite
measurements but not in the in-situ measurements. The in-situ mea-
surements for both lakes were derived from point-based station and
from hourly data or smaller intervals, while the satellite-derived data
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Fig. 7. Spatial distribution of water surface temperature collected from ARC-Lake product (0.05° resolution) and scatterplots of satellite-derived water surface temperature against mea-
sured data (a) biweekly and monthly values for Lake Nasser, Egypt during 1995–2004, the spatial map shows monthly value in August 1995; (b) monthly values for Lake Tahoe, U.S.A.
during September 2003–August 2004, and the spatial map shows the value for August 2004.
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were lake-wide spatially averaged and based on fewer instantaneous
observations, and this is another plausible explanation for the differ-
ences in T0 found.

A second involvement of satellite remote sensing data is the inclu-
sion of solar radiation Rs. The Global Area Coverage (GAC) solar radia-
tion product from CM SAF was used and referred to CM SAF satellite
Fig. 8. Scatterplots ofmonthlymean solar radiation Rs collected from CMSAF satellite product a
sured counterparts for (a) Agricultural Water Reservoir (AWR), Spain during 2007 and (b) Lak
product hereafter. This CM SAF solar radiation product is derived from
AVHRR satellite observations and provides daily and monthly mean
solar radiation at the spatial resolution of 0.25° for the period 1982–
2009. Details on algorithms and processing procedures for this satellite
product can be found in Mueller et al. (2009) and at http://www.cmsaf.
eu. Two lakes, Lake Tahoe (U.S.A.) and AWR (Spain), were selected as
nd further satellite-derived net radiation Rn using the original Slob's equation againstmea-
e Tahoe, U.S.A. during September 2003–August 2004.
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Table 4
Summary of the proposed procedure-determined coefficients a, b and c in the hysteresis
Qt = a ∗ Rn + b + c ∗ dRn/dt and the performance in estimating Qt for all nine lakes at
monthly time scale. The order is consistent with that of Table 1. For Lake Nasser, extra re-
sults at bi-weekly time scale are also included. For Lake Tahoe, additional results using
purely satellite-derived data as inputs are also presented.

Lakes Proposed procedure coefficients and performance

a b (W m−2) c (day) R2 RMSE (W m−2)

Erie 1.56 −149.92 57.88 0.92 31.88
Ikeda 1.47 −148.33 30.61 0.98 26.23
Kinneret 0.88 −143.52 15.35 0.62 51.70
Mendota 1.56 −177.55 48.66 0.85 76.68
Tahoe 1.04 −139.48 13.42 0.94 30.32
Tahoe (satellite data) 1.08 −162.51 30.48 0.96 37.68
Titicaca 1.45 −239.74 −0.59 0.81 24.86
Vegoritis 1.25 −100.25 41.94 0.88 37.10
Nasser (monthly) 1.20 −184.22 7.73 0.71 35.18
Nasser (bi-weekly) 1.20 −184.22 7.73 0.66 39.15
Nojiri 1.50 −141.29 26.23 0.95 19.77
Average 1.29 −161.00 25.40 0.84 37.32

Fig. 9. Scatterplots of measured heat storage changes Qt with the estimated Qt for nine
lakes atmonthly timescale (labeled as A or B in the column of “Data type” in Table 1 except
Lake Sparkling with data covering only seven months) using the proposed procedure
based on three typical pairs of (Rn, Qt) to estimate coefficients a and b plus Eq. (9) estimat-
ed c. The three coefficients are summarized in Table 4. For Lake Nasser, extra results at bi-
weekly timescale are also included. For Lake Tahoe, additional results using purely satel-
lite-derived data as inputs are presented and labeled as “Tahoe (satellite data)”.
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illustrative cases. The correspondingmonthly mean solar radiation data
for both lakes (one single satellite pixel for each lake) were extracted
from CM SAF satellite product and further compared with in-situ mea-
surements for evaluation. It should be noted that the satellite data was
missing for January 2004 for Lake Tahoe, and a value from the neighbor-
ing pixel was used to fill this data gap. Fig. 8 clearly shows good agree-
ments between monthly mean solar radiation from CM SAF satellite
product and in-situ measurements for both lakes with R2 of 0.99 and
RMSE of less than 25 W m−2.

The satellite solar radiation Rs values were used further as input to
the original Slob's equation (Eq. 5) to compute net all wave radiation
Rn. As expected, good agreements were found between Rn derived
from satellite data and in-situ measurements for both lakes with high
R2 and low RMSE value of less than 11Wm−2 (Fig. 8). This clearly dem-
onstrates the feasibility of satellite observations in providing accurate
solar radiation and retrieving Rn through the Slob's equation for lakes
and reservoirs. It is worth noting that more satellite solar radiation
and temperature products are currently available or being developed
based on various satellite instruments (e.g. MSG or merged polar
orbiting satellites). The diversity and richness of relevant satellite prod-
ucts would definitely provide good data sources to our proposed proce-
dure for estimating heat storage changes for lakes and reservoirs.

The complete proposed procedure for estimating Qt thus consists of
nine main steps.

(1) Preparation of an annual time-series ofmonthly values for T0 and
Rn using the satellite datasets specified.

(2) Determine T0-range and T0-STD, and estimate Qt-min from
Eq. (10), and the coefficient c in the hysteresis model (Qt =
a ∗ Rn + b + c ∗ dRn/dt) can be estimated using Eq. (9).

(3) Determine the rate of average lake surface temperature
change ΔT0/Δt, followed by the timing of minimum and max-
imum values when ΔT0/Δt occurs. This specifies the first data
pair (Rn at the minimum ΔT0/Δt, Qt-min).

(4) Estimate Qt-max as the opposite value of Qt-min.
(5) Combine Steps (3) and (4) to construct the second data pair

(Rn at the maximum ΔT0/Δt, Qt-max).
(6) Assess the timing of Qt-eq (0Wm−2) and determine the corre-

sponding Rn to construct the third data pair (Rn at Qt-eq, Qt-eq).
(7) Perform a linear regression analysis on the three pairs of (Qt,

Rn) yielding the coefficients a and b of Qt= f(Rn) for the stud-
ied lake for the case that hysteresis does not occur.

(8) Compute the dRn/dt by firstly fitting Rn as a function of time
using Eq. (4) and followed by the analytical differentiation.

(9) Compute Qt from Rn for the studied lake using the hysteresis
model with above-determined coefficients a, b and c.

In a follow-up final test of the proposed procedure, amaximumpos-
sible number (9) of lakes could be involved using in-situ Rn and T0 data.
Lake Tahoe has both satellite-based values of solar radiation Rs (CM SAF
product) and water surface temperature T0 (ARC-Lake product), and
thus additional Qt estimates were derived for Lake Tahoe using the pro-
posed procedure with purely satellite-derived data as inputs. Table 4
summarizes the derived three coefficients a, b and c using the proposed
procedure. The estimated values for Qt were compared with the mea-
sured counterparts of Qt. The values of R2 and RMSE are included in
Table 4. Fig. 9 illustrates the 1:1 scatter plot of the measured Qt with
the estimated Qt using the proposed procedure based on net radiation
and water surface temperature for all nine lakes at monthly time
scale. For Lake Nasser, the bi-weekly results are also included in Fig. 9
and Table 4. The bi-weekly Qt estimates were obtained as follows: the
derived three coefficients based on monthly data were directly applied
to the bi-weekly time scale using the bi-weekly Rn as input to the hys-
teresis model. The bi-weekly Qt estimates agreed reasonable well with
measured Qt, which corroborates that the hysteresis model derived
using monthly data could be used for bi-weekly time scale.
The additional remote sensing results for Lake Tahoe using satellite-
derived data are also presented in Fig. 9 and Table 4. Compared
with measured Qt, very similar R2 and RMSE values were found for the
estimated Qt using in-situ measurements (R2 = 0.94, RMSE =
30 W m−2) and purely satellite-derived data (R2 = 0.96, RMSE =
38 W m−2) as inputs to the proposed procedure. This further confirms
the capability of satellite measurements to provide all required inputs
to the proposed procedure and generate comparably good Qt estimates
compared to those using in-situ data as inputs. As shown in Fig. 9, in
general, there is a reasonable agreement between the measured Qt

and the estimated Qt. For LakeMendota, the proposed procedure result-
ed in a considerable high RMSE. This was probably caused by the fact
that the occurrence of Qt-max did not coincide with (one month earlier
than) that of the maximum of ΔT0 and hence caused the error in con-
structing the data pair (Rn at Qt-max, Qt-max) with the proposed

image of Fig.�9
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procedure. For all nine lakes, the average R2 and RMSE was 0.84 and
37 W m−2, respectively.

It is worth comparing the performance of the proposed procedure
(Table 4) with the results generated by direct fitting of all measured
data pairs of (Rn, Qt) (Table 2) for the same nine lakes. The proposed
procedure generated comparable results with similar R2 and
slightly higher RMSE for Lake Nojiri (19 vs. 15 W m−2), Lake Titicaca
(25 vs. 23 W m−2) and Lake Erie (32 vs. 28 W m−2). As expected,
using all pairs of (Qt, Rn) generated consistently better result with an
average R2 of 0.87 and RMSE of 23 W m−2. The involved three Qt

datasets (Qt-min, Qt-max and Qt-eq) were all inferred and estimated. The
reasonably good performances highlight the potential of the proposed
procedure to generate first-order estimates of Qt from operational satel-
lite measurements.

4.5. Limitations of the proposed procedure

The proposed procedure was based on the generalization of com-
mon features from a dataset of 22 lakes from a literature survey. The
dataset used will also include possible measurement errors. These er-
rors are propagated into Qt, if Qt is considered as the residual of the en-
ergy balance equation. In addition, methods and data sources are not
uniform, and we have to assume that results from all individual peer
reviewed papers are entirely credible.

The essential parts of the proposed procedure were the determina-
tion of three coefficients frommeasurements of Rn and T0 using the em-
pirical equations (Eq. 9 for coefficient c and Eq. 10 for Qt-min) and some
assumptions made after generalizing common features from different
lakes. The proposed procedure used only three typical data pairs of
(Rn, Qt) to determine coefficients a and b, and its performance depends
on the uncertainties related to the values and timing of Qt-min, Qt-max

and Qt-eq as mentioned in Section 4.3. The values can be improved
with time as more experimental data become available. We admit that
using three data points to fit a line to estimate coefficients a and b in
the linear model Qt = a ∗ Rn + b is not ideal. However, the problem is
that Qt data are often unavailable as indicated in Section 1 and we
could not obtain more pairs of (Rn, Qt) from lakes and reservoirs that
have no auxiliary data. As a matter of fact, overcoming the lack of data
is the main advantage of our new empirical procedure, because it re-
duces the dependency on Qt measurements to generate a first-order es-
timate of Qt from Rn and T0. The statistical results are good enough to
justify its use for several applications, considering the fact that Qt is
mostly ignored in hydrological, water management and climatological
studies.

Unfortunately, the number of lakes with adequate water surface
temperature data reduced the dataset considerably from 22 to nine.
The dataset needs to be enlarged to test and refine the proposed
procedure.

5. Summary and conclusions

This study investigates the feasibility of estimating heat storage
changes (Qt) from the net all wave radiation (Rn) for lakes and reser-
voirs. If doable, this is an attractive contribution to the computation of
thewater balances of lakes and reservoirs which becomemore essential
for safeguarding water resources availability during dry periods and
storing excess water after heavy rain storms. We firstly evaluated the
simple Slob's equation that computes Rn mainly from Rs data and has
been found superior for land surface conditions before. It was found
that the simple Slob's equation, when used with an albedo of 0.05 and
a default coefficient of 110 W m−2 for net longwave radiation for
lakes, performed reasonably well and could be used to derive Rn for
lakes and reservoirs.

Due to the complex heat storage and release processes in non-
stagnant water bodies, a hysteresis effect in the relationship be-
tween Qt and Rn exists that requires extra attention. Following
earlier work in urban and wetlands areas, a hysteresis model
(Qt = a ∗ Rn + b + c ∗ dRn/dt) was used to estimate Qt from Rn
for all 22 lakes (R2 of 0.83 and RMSE of 22 W m−2) when the
three coefficients were determined using local measured flux
data. The coefficient c appeared to be strongly related to two
water surface temperature (T0) characteristics: the range (T0-

Range) and standard deviation (T0-STD) in an annual cycle, while
the other two coefficients a and b showed weaker correlation
with their best explanatory variables.

Three strategic data pairs of (Rn, Qt) were extracted from the annual
cycles of Rn and Qt and explored to approximate them in a simplified
manner. They indeed could be inferred and estimated by specific
water surface temperature characteristics. The whole proposed proce-
dure requires only two input sources: annual time-series of water sur-
face temperature T0 and Rn, both of which can be estimated from
routine satellite data. Two independent satellite-based products were
explored and each product was further comparedwith in-situmeasure-
ments for two lakes: T0 data from the ARC-Lake product based on ATSR-
series satellite data, and solar radiation Rs from the CM SAF product
based on the AVHRR satellite data. Good agreements were found be-
tween satellite-derived T0, Rs and further derived Rn and in-situ mea-
surements for both lakes.

The estimated Qt revealed a reasonably good agreement with the
measured fluxes for nine lakes (average R2 was 0.84 and RMSE was
37 W m−2), suggesting that the proposed procedure can be used with
reasonable confidence to provide first-order estimates of Qt using Rn
and T0.While this performance ismoderate to good, it is a large step for-
ward as compared to current procedures applied in hydrology, water
management and climatology, where Qt is grossly ignored. We further
found that the proposed procedure using purely satellite-derived data
as inputs resulted in comparably good Qt estimates with those using
in-situ data for Lake Tahoe. This demonstrates the capability of satellite
measurements of Rs and T0 to estimate the heat storage changes in lakes
and reservoirs. Since more satellite solar radiation and water surface
temperature products with improved accuracy and increased tempo-
ral–spatial resolutions are expected to be operatically available, the
richness of satellite products thus opens the possibility of the imple-
mentation of the proposed procedure at a large and up to the global
scale. In future studies, the dataset could be enlarged for better under-
standing of heat storage changes in lakes, and fine-tuning the empirical
equations involved in the proposed procedure. Future work will focus
on assessing the effect of the estimated Qt values on the evaporation es-
timates for lakes and reservoirs. A similar network to FLUXNET to collect
and share long-term measurements of energy flux and water tempera-
ture profiles specifically for a range of openwater bodieswould be valu-
able to facilitate the development and comprehensive evaluation of
existing and new methods for estimating heat storage changes and
evaporation.
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Appendix A. List of symbols

α albedo of water surface in Eq. (5)
δ solar declination in radians in Eq. (6)
ρw density of water in Eq. (2)
φ latitude in radians in Eq. (6)
ωs sunset hour angle in radians in Eq. (6)
a coefficient in the hysteresis model in Eq. (3)
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A(z,t) horizontal area of the lake as a function of depth z and time t
in Eq. (2)

a1 coefficient in the Rn(t) sinusoidal function Eq. (4)
a2 coefficient in the Rn(t) sinusoidal function Eq. (4)
a3 coefficient in the Rn(t) sinusoidal function Eq. (4)
As surface area of the lake in Eq. (2)
aslob coefficient in the Slob's equation Eq. (5)
b coefficient in the hysteresis model in Eq. (3)
c coefficient in the hysteresis model in Eq. (3)
cw specific heat of water in Eq. (2)
dr inverse relative distance Earth–Sun in Eq. (6)
dRn/dt the rate of the change (or time derivative) of net all wave

radiation
G soil heat flux density of land surfaces
Gsc solar constant in Eq. (6)
H sensible heat flux density in Eq. (1)
N the total number of days in a year i.e. 365 (366) for a normal

(leap) year in Eq. (4)
Qt heat storage changes in lakes or reservoirs
Qt-eq the equilibrium value of heat storage changes in an annual

cycle
Qt-max the maximum value of heat storage changes in an annual

cycle
Qt-min the minimum value of heat storage changes in an annual

cycle
Ra extraterrestrial radiation in Eqs. (5)–(6)
Rn net all wave radiation
Rs Shortwave solar radiation
Ta air temperature
T0 water surface temperature
T0-Range the difference between the maximum and minimum water

surface temperature in an annual cycle
T0-STD the standard deviation ofwater surface temperature in an an-

nual cycle
T(z,t) vertical water temperature profiles in a lake or reservoir in

Eq. (2)
x the day of the year (DOY) in Eq. (4)
zm the maximum depth of a lake or reservoir in Eq. (2)
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