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Abstract How rising temperature and changing solar radiation affect evaporation of natural water bodies remains poor
understood. In this study, evaporation from Lake Taihu, a
large (area 2400 km2) freshwater lake in the Yangtze River
Delta, China, was simulated by the CLM4-LISSS offline lake
model and estimated with pan evaporation data. Both methods
were calibrated against lake evaporation measured directly
with eddy covariance in 2012. Results show a significant increasing trend of annual lake evaporation from 1979 to 2013,
at a rate of 29.6 mm decade−1 according to the lake model and
25.4 mm decade−1 according to the pan method. The mean
annual evaporation during this period shows good agreement
between these two methods (977 mm according to the model
and 1007 mm according to the pan method). A stepwise linear
regression reveals that downward shortwave radiation was the
most significant contributor to the modeled evaporation trend,
while air temperature was the most significant contributor to
the pan evaporation trend. Wind speed had little impact on the
modeled lake evaporation but had a negative contribution to
the pan evaporation trend offsetting some of the temperature
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effect. Reference evaporation was not a good proxy for the
lake evaporation because it was on average 20.6 % too high
and its increasing trend was too large (56.5 mm decade−1).

1 Introduction
There are 304 billion lakes in the world, occupying more than
3 % of the continental land surface (Downing et al. 2006).
Evaporation from these lakes plays a vital role in the global
energy distribution and the hydrological cycle (Torcellini et al.
2004; Fu et al. 2004; Subin et al. 2012a; Rong et al. 2013).
There are several methods for quantifying lake evaporation.
The water balance method determines the lake evaporation
from precipitation and the amounts of water that flow in and
out of the lake. The energy balance method derives the evaporation rate by distributing the available energy to sensible
heat and latent heat fluxes (Rosenberry et al. 1993; Winter
et al. 1995; Rosenberry et al. 2007; Elsawwaf et al. 2010).
The pan coefficient method estimates lake evaporation from
pan evaporation data collected in the lake catchment using a
pan coefficient which is the ratio of pan evaporation to actual
lake evaporation (Hoy and Stephens 1977; Jensen et al. 1990;
Abtew 2001; McJannet et al. 2013). Lake evaporation can also
be calculated with sophisticated lake models based on physical processes of energy transfer in the lake and between the
lake and the atmosphere (Dutra et al. 2010; Subin et al.
2012a). Finally, the eddy covariance (EC) technique is increasingly used to measure temporal and spatial variations in
evaporation and energy fluxes of lake systems (Blanken et al.
2000; Liu et al. 2009; Nordbo et al. 2011; Lee et al. 2014).
Most of the EC studies are limited in duration, and long-term
(> 10 years) trend analysis is still not feasible with this method. Each of these methods has its strengths and weaknesses. A
combined use of multiple methods may lead to more robust
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assessment of lake evaporation trends than using a single
method alone.
IPCC (2013) reported that the global average air temperature has risen by 0.7 °C from 1951 to 2012. Questions remain
as to how lake evaporation has changed in this period and
whether the evaporation trends are a good proxy indicator of
the impact of rising temperature on the global hydrological
cycle (Xu et al. 2006; Williamson et al. 2009). This debate is
sometimes framed as the “evaporation paradox,” the phenomenon in which pan evaporation has decreased globally in the
past 50 years (Peterson et al. 1995; Chattopadhyay and Hulme
1997; Brutsaert and Parlange 1998; Roderick and Farquhar
2002; Cong et al. 2009), contrary to the belief that higher
temperature should accelerate the hydrologic cycle. Most of
previous studies about the effect of global warming on evaporation and on the “evaporation paradox” rely on data on land
potential evapotranspiration, pan evaporation, and reference
evapotranspiration. Three explanations are offered for the paradox: (1) the increasing temperature leads to higher actual
evaporation on land, which weakens ability for the atmosphere to take up water vapor from standing water surfaces
due to enhanced air humidity; 2) decreasing wind speed
causes the decrease in pan evaporation (Roderick et al.
2007); 3) “Global dimming,” or the decrease in sunshine duration and incoming radiation causes the decrease in pan evaporation (Roderick and Farquhar 2002).
The global dimming explanation emphasizes the important
role of solar radiation energy in controlling evaporation. For
example, Rong et al. (2013) combined the Penman-Monteith
model with reference evaporation data to calculate the annual
evaporation of Dongping Lake in Northern China and concluded that from 2003 to 2010, the annual evaporation increased at the rate of 18.24 mm year−1, and increasing solar
radiation and temperature explained this increasing evaporation trend. Using the energy budget method to calculate evaporation from Sparking Lake in open-water seasons (May–
November, from 1989 to 1998), Lenters et al. (2005) reported
that the lake evaporation decreased from 1989 to 1994 and
then continued rebounding to a higher value in 1998, following similar variations in net radiation.
Some studies have shown that the decreasing trend in the
incoming solar radiation was reversed to an increasing trend in
the late 1980s, but the pan evaporation continues to decrease
(Pinker et al. 2005; Wild et al. 2005), suggesting that factors
other than solar radiation may also play large roles. Johnson
and Sharma (2010) estimated that the evaporation of open
waters should increase by 7 % from 1990 to 2070 under the
SRES A2 climate scenario, concluding that rising temperature
is one potential contributor to the rising trend. Zhu et al.
(2010) evaluated the evaporation trend of Nam Co Lake on
the Tibetan Plateau by using remotely sensed lake area and a
reference evaporation model; they concluded that this lake
was increasing in size due to increasing glacier melt, but

Hu C. et al.

paradoxically, the rate of evaporation showed a decreasing
trend despite a robust increasing trend in air temperature.
The lack of consistent trends under conditions of increasing
temperature may be an indication that these proxy evaporation
data are not an accurate representation of the actual lake evaporation or that air humidity and wind speed effects may more
than offset the temperature effect.
The objective of this study is to investigate the long-term
evaporation trend and the underlying mechanisms for Lake
Taihu, a large (area 2400 km2) and shallow (depth 1.9 m) lake
in the Yangtze River Delta, China. Average air temperature in
the Lake Taihu catchment increased by 1.62 °C from 1961 to
2009, at a rate more than twice as the global average (IPCC
2013), and annual mean wind speed decreased significantly
from 3.45 to 2.44 m s−1 in the same period. The surface solar
radiation increased by 8.3 W m−2, or roughly 6 %, from 1979
to 2013. These unambiguous and yet opposing atmospheric
changes provide a unique opportunity for generating new insights into the evaporation paradox. We employed pan evaporation data and a lake land-surface model coupled to atmospheric reanalysis to calculate the annual lake evaporation.
Both methods were calibrated against the direct measurement
of the lake evaporation via eddy covariance. The calibrated
methods should provide a more robust assessment of trends
and interannual variabilities than proxy data (uncorrected pan
evaporation, reference evaporation). The specific goals of this
study are (1) to quantify the annual Lake Taihu evaporation
trend; (2) to determine if this trend can be explained by temperature, wind, and solar radiation variability; (3) to investigate whether reference evaporation can be used as proxy for
determining the lake evaporation trend.

2 Materials and methods
2.1 Study site
Lake Taihu (30°5′40″–31°32′58″ N and 119°52′32″–120°36′
10″ E; Fig. 1) is located in the Yangtze River Delta, China.
The perennial surface area is 2400 km2 and the average depth
is 1.9 m. The lake is in the Asian monsoon climate zone, with
an annual average temperature of 15.97 °C and annual rainfall
of 1182 mm (1961–2009). The elevation is about 3 m above
the sea level.
2.2 Eddy covariance observation
Eddy covariance measurement of the lake evaporation at two
locations in the lake, one near the west shore (Dapukou, or
DPK) and the other in the eastern portion of the lake
(Bifenggang, or BFG), was used in this study (Fig. 1). Both
sites have excellent fetch. These sites are part of the Taihu
Eddy Flux Network (Lee et al. 2014). Details of the
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Fig. 1 Map showing four Ф20 pan stations (black solid circle), four E601 pan stations (open circle with cross), and two EC sites (black flag: Dapukou,
DPK; Bifenggang, BFG). Green color indicates Jiangsu Province and light yellow indicates Zhejiang Province

instrumentation are described by Lee et al. (2014). Small data
gaps were filled with the bulk transfer relationships (Garratt
1992; Laird and Kristovich 2002; Wang et al. 2014). The
original half-hourly data were averaged to 5-day intervals
and adjustment was made to the sensible and latent heat flux
by forcing energy balance closure (Twine et al. 2000). The
adjusted latent heat flux was then used to validate the lake
model and to calibrate the pan evaporation data, as described
below.
2.3 The lake land-surface model
We used the CLM-LISSS (National Center for Atmospheric
Research Community Land Model version 4-Lake, Ice, Snow,
and Sediment Simulator) lake model to calculate lake evaporation (Subin et al. 2012b). CLM-LISSS is an improved version of CLM4-Lake (Bonan 1995; Zeng et al. 2002). It parameterizes the heat diffusion in the water column with a bulk
eddy diffusivity formulation and solves the lake surface temperature from the surface energy balance equation. The latent
and sensible heat fluxes are calculated from the bulk transfer
relationships. The main forcing variables are net shortwave
radiation flux, downward longwave radiation flux, wind speed
at the 10-m height, and specific humidity and air temperature
at the 2-m height. Recently, our group (Deng et al. 2013)
evaluated the model against the eddy covariance observations
at Lake Taihu. We found that the model does a good job
simulating the eddy fluxes and the water temperature after

an adjustment has been made to the water thermal diffusivity
parameterization. In this study, we used the version tuned by
Deng et al. (2013).
The CLM4-LISSS lake model was forced by MERRA
(The Modern-Era Retrospective Analysis for Research and
Applications) data. MERRA is an atmospheric reanalysis system developed by NASA using the Goddard Earth
Observation Model (Rienecker et al. 2011). The reanalysis
data covers the period from 1979 until now. The model grid
resolution is 1° by 1.25° for the surface downward shortwave
radiation (S↓), the surface upward shortwave radiation (S↑),
and the surface downward longwave radiation data (L↓), and
1/2° by 2/3° for specific humidity, wind speed, air temperature, and pressure. The radiation data used for this study came
from the grid centered at 31.5° N and 120.63° E and the
standard meteorological variables from the grid centered at
31.5° N and 120.0° E. The forcing variables from MERRA
are surface pressure, air temperature, specific humidity, wind
speed, downward shortwave radiation, and downward
longwave radiation at 3-hourly intervals. The upward shortwave radiation was calculated from the downward shortwave
radiation and the observed lake albedo of 0.08.
Previous studies have shown that the MERRA S↓ is biased
high by around 20 Wm−2 when compared with FLUXNET
observations in North America and Atmospheric Radiation
Measurement Program in the Southern Great Plains (Zhao
et al. 2013; Kennedy et al. 2011). Its surface downward
longwave radiation is biased low by 19 Wm−2 (Kennedy
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et al. 2011). We found that MERRA overestimated the annual
mean S↓ by 38.4 Wm−2 and underestimated the annual mean
L↓ by 26.2 Wm−2 in comparison to the observations at Lake
Taihu in 2012. To eliminate these biases, we used a simple
linear fitting method for S↓ and L↓ by establishing a regression
equation of the 3-h means of the MERRA outputs against the
observed values. We established the correction coefficients
using the data in 2012 and assessed the accuracy of the regression fits for 2013. After the correction, the mean annual biases
of S↓ and L↓ were reduced to 4.8 and 1.6 W m−2, respectively.
The corrected S↓ shows very good agreement, in terms of
long-term trends and interannual variabilities, with observations made in Shanghai (31.1° N, 121.3° E), about 90 km to
the east of the lake.
We applied a similar method to calibrate other MERRA
variables. After calibration, the mean bias in the MERRA
specific humidity came down from 0.000724 kg kg−1 (relative
error 7 %) to 0.000034 kg kg−1 (relative error 0.3 %). The
mean wind speed was underestimated by 0.54 m s−1 for the
year of 2012; after the calibration, the mean bias decreased
from 0.53 to 0.015 m s−1 for the validation year of 2013. The
mean daily air temperature from MERRA and lake shows
small biases (mean error 0.90 °C, root mean squares error
1.96 °C). To correct these biases, we established linear regression for each month of the year. The corrected air temperature
had improved accuracy (mean error 0.25 °C, root mean
squares error 1.30 °C).
2.4 Pan evaporation
Pan evaporation data were obtained from eight sites near the
lake (Fig. 1; Table 1). Two of the sites covered continuously
the period from 1971 to 2013, and four sites covered continuously the period from 1961 to 2013. The E601 pan (61.8 cm
in diameter), a modified type of GGI-3000, a standard evaporation pan recommended by the World Meteorological
Organization, was used at four sites (Dongshan, Changshu,
Huzhou, Wuxi). The Ф20 pan (20 cm in diameter) was used
at the other four sites (Changshu, Yixing, Jintan, Wujiang).
Table 1 A list of pan evaporation sites used in this study, with distance
from the lake shore noted
Site name

Pan type

Measurement period

Distance (km)

Jintan
Changzhou
Wuxi
Wujiang
Changshu
Dongshan
Yixing
Huzhou

Ф20
E601
E601
Ф20
Ф20
E601
Ф20
E601

1971–2013
1961–2013
2008–2013
1961–1988, 2001–2013
1961–2013
1961–2013
1961–2013
1971–2013

54
40
10
15
41
2
14
8

2.5 Reference evaporation
Reference evaporation has been used frequently in the studies
of evaporation trend in the terrestrial environment. To test
whether reference evaporation is a good proxy for the evaporation trend for Lake Taihu, we presented below a comparison
of reference evaporation with the pan evaporation data and the
model results. Reference evaporation for Lake Taihu (ET0)
was calculated using the Penman-Monteith model (Allen
et al. 1998), assuming a hypothetical reference grass whose
height is 0.12 m, surface resistance is 70 s m−1, and albedo is
0.23. In the model, the net radiation is computed as a function
of sunshine duration and water vapor pressure, and soil heat
storage is computed as a function of difference in air temperature between two consecutive days. Input variables include
daily air temperature (maximum, minimum, and average),
wind speed, relative humidity, and sunshine duration; these
data came from actual observations made at the weather stations near the lake (Fig. 1). Details of all the data needed for
the calculation of ET0 are given in Chapter 3 of FAO paper 56
(Allen et al. 1998).
2.6 Statistical analysis
A multiple stepwise regression method was employed to analyze the effect of each independent variable on the trends of
evaporation. These variables were normalized between 0 and
1, with 0 corresponding to the minimum value and 1 to the
maximum value. A variable was entered in the model if its
initial p value was less than 0.05 and was removed if the
recalculated p value was larger than 0.1. The contribution of
each variable to the lake evaporation trend was calculated as
follows:
Y ¼ a1 X 1 þ a2 X 2 þ a3 X 3 þ …
μi ¼

ai ΔX i
ΔY

ð1Þ
ð2Þ

where Y is the normalized dependent variable (annual mean
lake evaporation), Xi (i = 1, 2, 3,…) are the normalized independent variables, ai is the regression coefficient for variable
Xi, μi is the actual contribution of Xi to Y, and ΔXi and ΔY are
the trends of Xi and Y which are the product of their slope of
linear regression against the time span (Xu et al. 2006; Wang
et al. 2007). The dependent variable was either modeled annual evaporation, adjusted annual pan evaporation, or annual
reference evaporation. Normalization of the variables was
made with their maximum and minimum values so that after
normalization, they varied in the range of 0 to 1. Because all
the variables are normalized, the regression coefficients are
dimensionless.
In the case of modeled lake evaporation, the MERRA annual mean air temperature, wind speed, downward longwave
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radiation, downward shortwave radiation, precipitation, and
specific humidity were used as independent variables. Their
linear time trends are shown in Fig. 2. The MERRA air temperature, incoming solar radiation, humidity, air temperature,
and precipitation time trends are in excellent agreement with
the station data. However, its wind speed shows a statistically
insignificant trend, whereas the station observations indicate a
significant downward trend. So, we also did a second set of
stepwise regression by replacing the reanalyzed wind speed
with the observed value but using the reanalysis for all other
independent variables. No station observation was available
for comparison with the MERRA incoming longwave
radiation.

163

The modeled latent heat and sensible heat flux show
excellent agreement with the EC observation (Fig. 3).
Here, the lake model was run twice, once forced by in
situ meteorological observations at the BFG site and the
second time forced by the calibrated MERRA forcing
variables. The 3-hourly model outputs of latent heat
and sensible heat fluxes were averaged over 5-day periods for comparison with the observation. If the model
was forced with in situ observations, the mean error and
the RMSE of the 5-day mean latent heat flux were 0.4
and 16.7 Wm−2, respectively. If the model was forced
with the MERRA meteorology instead, the model performance was slightly degraded, with the mean error of
0.6 Wm−2 and RMSE of 27.3 Wm−2 (Table 2).

The annual and seasonal variations of modeled evaporation
from Taihu are plotted in Figs. 4 and 5. In the last 3 years
(2011–2013) of the study period, the modeled annual evaporation rate and trend were in excellent agreement with the
values observed with EC at DPK (Fig. 5). We used the data
from the DPK eddy covariance site because it had longer and
more continuous measurements than at BFG. The modeled
evaporation rate is also in excellent agreement with the panadjusted evaporation rate (Fig. 5), with a linear correlation
coefficient of 0.79 (p < 0.01)
Use of a constant albedo and reanalyzed incoming
longwave radiation are likely to be the two largest sources of
error. Lake albedo is known to vary with the optical depth of
aerosols in the atmosphere, cloudiness, solar zenith angle, and
wind speed (Katsaros et al. 1985; Henneman and Stefan
1999). Some of the scatters seen in the short-term flux comparison (Fig. 3) may have been caused by the albedo variability. But averaged over the annual cycle, these scatters seem to
have canceled out, resulting in good agreement with the observations (Fig. 5). Reanalysis models have a tendency to
underestimate the incoming longwave radiation (Kennedy
et al. 2011). The good agreement with the eddy-covariance
annual evaporation rate for the calibration year (2012) as well
as the other years (2011, 2013, 2014) indicates that the above
empirical adjustment to L↓ was robust.
According to the model calculation, Lake Taihu’s annual
evaporation increased significantly at a rate of 29.6 mm decade−1 from 1979 to 2013 (the standardized MK (Mann 1945;
Kendall 1975) statistic z = 2.83, 99 % confidence level). Using
meteorological observations and combining the PenmanMonteith equation and a reference evaporation ratio
algorithm, Rong et al. (2013) showed an increasing trend of
Dongping Lake, which is 640 km northwest of Lake Taihu, at
a rate of 4.55 mm year−1 from 2003 to 2010 and concluded

Fig. 2 Variations of annual mean MERRA meteorological variables
(black lines) and actual observations (gray lines) variables from 1979 to
2013, trends for air temperature (°C decade−1), specific humidity (kg kg−1
decade−1), wind speed (m s−1 decade−1), precipitation (mm decade−1),

downward longwave radiation (W m−2 decade−1), and downward
shortwave radiation (W m−2 decade−1) are showed (3 asterisks, 2
asterisks, and 1 asterisk represent trend analysis passing 99, 95, and
90 % confidence level, respectively)

3 Results and discussion
3.1 Results of the CLM4-LISSS lake model
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Fig. 3 a, b Time series of sensible heat (H) and latent heat flux (LE) in
2012: black line, EC observations at BFG; blue line, model calculation
forced by MERRA; red line, model calculation forced by in situ
meteorology. c, d Comparison between model-calculated H and LE

Table 2 Model bias errors in sensible (H) and latent heat flux (LE)
using in situ observation and MERRA variables as forcing inputs: ME
mean error (W m−2), RMSE root mean squares error (W m−2); I index of
agreement (Willmott 1981)
MERRA forcing

H
LE

In situ forcing

ME

RMSE

I

ME

RMSE

I

3.9
0.6

12.5
27.3

0.72
0.94

1.1
0.4

9.0
16.7

0.78
0.98

against the EC observations at BFG: open circles, model forced by
MERRA meteorology; solid bullets, model forced by in situ
meteorology. Parameter bounds on the regression coefficients are for
the 95 % confidence interval

that rising air temperature and net radiation accounted for the
increase. The global evapotranspiration of land showed an
increasing trend at the rate of 7.1 mm decade−1 from 1982 to
1997 (Jung et al. 2010). Based on a water balance analysis,
increasing trend of actual evapotranspiration of six large basins (Mississippi, Sacramento, Susquehanna, Colorado,
Columbia, and Southeast) in the conterminous USA was reported between 1950 and 2000 (Walter et al. 2004). However,
Baker et al. (2012) found that most of watersheds in
Minnesota, USA displayed a decreasing trend in evapotranspiration over the past three decades.
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Fig. 4 Trends in seasonal
evaporation rates calculated with
the lake model and forced by the
MERRA meteorology from 1979
to 2013. Solid lines are linear
regression of the long-term trends

When taking the 35 years as a whole, the lake evaporation
shows increasing trends in all the four seasons but with different magnitudes. The rate of increase for spring, summer, autumn, and winter was 14.7, 9.2, 4.8, and 0.9 mm decade−1,
respectively. The average annual evaporation for the period
from 1979 to 2013 was 977 mm and varied in the range between 889 mm in 1985 and 1138 mm in 2013. From the
results of the MK test, the increasing trend was significant
for the annual and the spring period (z = 2.82 for annual and
3.48 for spring, 99 % significance level), was marginal for the
summer period (z = 1.98, 90 % significance level), and did not
pass the significance test for the winter and autumn seasons
(z = 0.58 for winter and 1.35 for autumn).
To determine factors that contributed to the increasing
trend of annual evaporation, we first analyzed the trends of
the MERRA forcing variables, including the screen-height air
temperature (T), and specific humidity (q), 10-m wind speed
(U), downward longwave radiation (L↓), downward shortwave radiation (S↓), and precipitation (P) (Fig. 2). Two variables, T and S↓, increased significantly, at the rate of 0.34 °C
decade−1 and 1.91 W m−2 decade−1 (99 % confidence level).
Fig. 5 Comparison of variations
of annual lake evaporation: red
line, lake model; black dots and
black line, average of adjusted
pan evaporation for six sites
(Changshu, Yixing, Jintan,
Dongshan, Changzhou, Huzhou);
green dots and green line, average
reference evaporation of eight
weather stations surrounding the
lake. Error bars are ± one
standard deviation. Red dots
indicate annual evaporation from
the EC observation at DPK

The downward longwave flux increased slightly, at a rate of
0.63 W m−2 decade−1 (90 % confidence level). The other
variables (q, P, U) showed no significant trends. The temporal
trends in the MERRA variables, S↓, T, q, and P, are in good
agreement with actual observations on land, but the lack of
trend in the MERRA wind speed contradicts with the observed
wind in the Lake catchment showing a declining trend of
0.12 m s−1 decade−1 (99 % confidence level). Additionally,
the lower observed wind speed than the MERRA wind speed
can be explained by the fact that wind on land is weaker than
wind over the open lake, keeping in mind that the MERRA
wind data were calibrated against the wind observations over
the lake. No observational data on L↓ are available for comparison with the MERRA data.
Next, quantitative analysis of the contribution of each independent variable was performed with the stepwise multiple
regression method described in Section 2.5. The results are
shown in Table 3. The multiple regression coefficients are
0.677, 0.234, 0.219, −0.379, and 0.133 for S↓, T, L↓, q, and
U, respectively. Annual precipitation (P) was removed from
the regression equation because the recalculated p value was
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larger than 0.1. The R2 (coefficient of determination) of the
final equation is 0.955, which means that the equation explains 95.5 % of the variance in the lake evaporation. The
increase of S↓ is the most important factor that contributes to
60.9 % of the total lake evaporation increase. The second
largest contribution comes from T with a percentage contribution of 28.9 %. Ranking third and fourth are L↓ (10.1 %) and q
(−5.1 %). The contribution by U is very small, at 0.8 %. The
sum of all the contributions from these independent variables
explains 95.6 % of the total evaporation increase. In short, at
Lake Taihu, increasing downward shortwave radiation is the
key contributor to the increased annual evaporation from 1979
to 2013.
Since the wind speed trend differs between MERRA and
the actual observation, an additional stepwise regression was
performed by replacing the MERRA wind with the observed
wind but keeping other MERRA inputs invariables. The results are shown in the bottom portion of Table 3. Interestingly,
the wind speed was excluded from the final regression because its recalculated p value was greater than 0.1. Also excluded were P, L↓, and q. Of the two variables remaining, S↓
and T contributed 68.5 and 33.8 %, respectively, to the evaporation trend.
The insensitivity to wind speed is consistent with theoretical expectation of open water evaporation. According to the
Priestley-Taylor model (Priestley and Taylor 1972), open water evaporation is controlled by the available energy and temperature and is independent of wind speed. Parameter analysis
with the CLM4-LISSS lake model indicates that the surface
temperature of Lake Taihu is insensitive to wind (Deng et al.
2013). In the present study, increasing the MERRA wind
speed by 10 % changed the mean evaporation rate only slightly, by 0.4 % to 981 mm from the original mean of 977 mm.
Table 3 Stepwise multiple regression analysis of the modeled
evaporation with annual downward shortwave radiation (S↓), air
temperature (T), wind speed (U), downward longwave radiation (L↓),
S↓
All MERRA variables
0.374
Trenda
Regression coefficient
0.677
0.254
Change in Yb
c
60.9 %
Percent contribution
Observed U and MERRA S↓, T, L↓, q, and P
0.374
Trenda
Regression coefficient
0.763
0.285
Change in Yb
68.5 %
Percent contributionc
a

That the evaporation rate is nearly identical at two EC sites in
Lake Taihu whose wind speed differs by almost a factor of two
(Wang et al. 2014) is further evidence supporting the theoretical expectation.
3.2 Trends in pan evaporation
The comparison of pan evaporation to the EC-observed lake
evaporation is shown in Fig. 6 for the eight pan evaporation
sites. The Ф20 pan data are on the left (panels a–d) and E601
pan data are on the right of this plot (panels e–h). Each data
point represents a 5-day period. The pan coefficient (the slope
of the linear regression) of the four Ф20 pans is smaller than
that of the four E601 pans, which means that the annual evaporation is greatest for the Ф20 pans, the lowest for the E601
pans, and actual lake evaporation falls in between these two
measurements. Being larger in surface area, E601 pans provided more accurate estimate of the lake evaporation: the
mean pan coefficient for E601 is slightly greater than unity
(1.11) whereas the mean pan coefficient for Ф20 deviates
much more from unity (0.75). In the following, we corrected
the historical pan evaporation by multiplying the observed
values with the pan coefficient established for each of the
pan stations shown in Fig. 6.
The adjusted pan evaporation results show an increasing
trend from 1979 to 2013, at the rate of 25.4 mm decade−1
which is very close to the rate of 29.6 mm decade−1 modeled
by CLM4-LISSS. In this comparison, the pan evaporation
data came from six stations (Changshu, Yixing, Jintan,
Dongshan, Changshu, and Huzhou). The Wujiang and Wuxi
stations have a data gap of more than 5 years and have been
removed from the calculation. The mean annual evaporation
(1979–2013) is 1007 mm according to the pan data and 977
specific humidity (q), and precipitation (P) as independent variables. All
the regression coefficients are dimensionless

T

U

L↓

q

P

Sum

0.515
0.234
0.120
28.9 %

0.025
0.133
0.003
0.8 %

0.193
0.219
0.042
10.1 %

0.056
−0.379
−0.021
−5.1 %

−0.081
0
0
0

95.6 %

0.515
0.273
0.141
33.8 %

−0.52
0
0
0

0.193
0
0
0

0.056
0
0
0

−0.081
0
0
0

102.3 %

Total change of the variable over the period 1979–2013, equal to the product of the linear regression slope and time span

b

Change in Y (lake evaporation) induced by each meteorological variable (Eq. 2)

c

Percentage contribution of each meteorological variable to the observed trend in Y
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Fig. 6 Comparison between lake evaporation observed with EC and pan evaporation of four Ф20 pans (a–d) and four E601 pans (e–h). Each data point
represents a 5-day average in 2012. The pan coefficient of each site is shown as the slope of the regression

according to the model. The interannual variabilities of the
two time series are highly correlated as noted above.
The stepwise regression reveals a dominant role of air temperature in the observed pan evaporation variations (Table 4).
In this regression, all independent variables except the incoming longwave radiation came from the station observations.
The observed T in the lake catchment contributed 174.5 %
to the observed pan evaporation trend. The role of S↓ is much
smaller than for the modeled lake evaporation, with a contribution of 17.3 %. These positive contributions were offset by
negative contributions from the observed wind (−66.6 %) and
from the MERRA incoming longwave radiation (−26.6 %),
bringing the total contribution to slightly over 100 %
(105.8 %).
The negative contribution of the observed wind to the pan
evaporation trend is consistent with the “stilling” phenomenon
Table 4 Stepwise multiple regression analysis of the annual pan
evaporation with annual downward shortwave radiation (S↓), air
temperature (T), wind speed (U), downward longwave radiation (L↓),
specific humidity (q), and precipitation (P) as independent variables.
S↓

T

reported by other pan evaporation studies (Roderick and
Farquhar 2006; Rayner 2007) and is supported by a theoretical
study on the energy balance of evaporation pans (Lim and
Roderick 2012). However, the lack of wind sensitivity of
open-water evaporation suggests that the “stilling” phenomenon may be a consequence of strong horizontal advective
effects associated with small surface area of evaporation pans
and may not be applicable to large natural water bodies.
3.3 Trends in reference evaporation
Annual reference evaporation ET0, averaged of the eight pan
evaporation sites around Lake Taihu (Fig. 1), shows an increasing trend, at a rate of 56.5 mm decade−1, from 1979 to
2013. The sign of the trend is in agreement with the model and
the pan data and is consistent with the study by Brutsaert and

Downward longwave radiation was from MERRA. While other
independent variables were from actual observations. All the regression
coefficients are dimensionless

U

L↓

Observed P, q, T, U, and solar (from Shanghai station) and MERRA incoming longwave radiation
0.256
0.738
−0.52
0.193
Trenda
Regression coefficient
0.244
0.854
0.462
−0.498
0.0623
0.630
−0.240
−0.096
Change in Yb
17.3 %
174.8 %
−66.6 %
−26.6 %
Percent contributionc
a

Q

P

Sum

−0.00245
0
0
0

−0.0665
−0.379
0.025
6.9 %

105.8 %

Total change of the variable over the period 1979–2013, equal to the product of the linear regression slope and time span

b

Change in Y (lake evaporation) induced by each meteorological variable (Eq. 2)

c

Percentage contribution of each meteorological variable to the observed trend in Y
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Same as Table 4 but for the annual reference evaporation as the dependent variable
S↓

T

U

L↓

q

P

Trend

0.256

0.738

−0.52

0.193

−0.00245

−0.0665

Regression coefficient

0

0.89

0

−0.504

0

−0.251

Change in Y
Percent contribution

0
0

0.657
113.1 %

0
0

−0.097
−16.7 %

0
0

0.017
2.9 %

Parlange (1998) who concluded that at places with ample
supply of moisture, ET0 can be treated as an indicator of local
actual evaporation. The interannual variations in ET0 are correlated with those in the pan evaporation (linear correlation
r = 0.81, p < 0.01) and in the modeled lake evaporation
(r = 0.75, p < 0.01). However, the long-term mean ET0
(1197 mm) is 18.9 and 22.5 % higher than the pan and the
lake evaporation rate, respectively. Also, notable is that the
rate of increase in ET0 is 122 and 91 % larger than those of
the pan evaporation and the lake evaporation, respectively. If
we accept the interpretation that ET0 trends are indicative of
how terrestrial ecosystems would respond to climatic changes,
our result implies that Lake Taihu, and perhaps other open
water bodies as well, are less sensitive to these changes. The
stepwise regression reveals that the ET0 trend was overwhelmingly controlled by the temperature trend (Table 5).
The contributions of solar radiation and wind speed were not
significant.
Whether long-term evaporation trends are positive or
negative appears to depend on the choice of study period.
Several previous studies concluded that pan evaporation,
land actual evaporation, and reference evaporation of the
Yangtze River Basin, where Lake Taihu is located, show
decreasing trend with the rate of −30.9, −3.6 to −9.3, and
−19 mm decade−1, respectively, from 1961 to 2000 (Xu
et al. 2006; Wang et al. 2007). These authors attributed
the decreasing trends to the decreases of net total radiation
and wind speed during their study period, even though air
temperature increased at the rate of 0.1 °C decade−1. Cong
et al. (2009) found that pan evaporation, taking China as a
whole, shows a decreasing trend from 1965 to 1985 due
to decreasing radiation and wind speed, and an increasing
trend from 1986 to 2005, which they attributed to an
increasing trend in the vapor pressure deficit.

Sum

99.3 %

according to the pan data. The largest contributor to the increasing trend of modeled evaporation was increasing solar
radiation during this period, while the largest contributor to
the observed pan evaporation trend was increasing air temperature. The decline in the observed wind speed during this
period had little impact on the modeled lake evaporation but
contributed negatively to the pan evaporation trend.
In the Lake Taihu catchment, reference evaporation ET0 is
not a good proxy indicator of lake evaporation. Although the
interannual variations in the annual ET0 were highly correlated with the modeled lake evaporation and the adjusted pan
evaporation, its increasing trend was too strong, at a rate of
56.5 mm decade−1. This trend was overwhelmingly controlled
by the temperature trend.
Although the results from the two different methods (model and pan) show an increasing trend in the lake evaporation at
similar rates in the past 34 years, they disagree in the main
contributors to the observed trend. We argue that the modeled
result gives a more robust attribution of climatic impacts on
the lake hydrological cycle.
Reference evaporation is expected to be approximately
equal to actual evaporation under conditions of ample water
supply. However, we conclude that reference evaporation is
not a good proxy for lake evaporation study.
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