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Abstract

All-wave net surface radiation is greatly needed in various scientific research and
applications. Satellite data have been used to estimate incident shortwave radiation,
but hardly to estimate all-wave net radiation due to the inference of clouds on

longwave radiation. A practical solution is to estimate all-wave net radiation
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empirically from shortwave radiation and other ancillary information. Since existing
models were developed using a limited number of ground observations, a
comprehensive evaluation of these models using a global network of representative
measurements is urgently required. In this study, we developed a new day-time net
radiation estimation model and evaluated it against seven commonly used existing
models using radiation measurements obtained from 326 sites around the world from
1991-2010. MERRA re-analysis products from which the meteorological data were
derived and remotely sensed products during the same period were also used. Model
evaluations were performed in both global mode (all data were used to fit the models)
and conditional mode (the data were divided into four subsets based on the surface
albedo and vegetation index, and the models were fitted separately). Besides, the
factors (i.e. albedo, air temperature, and NDVI) that may impact the estimation of
all-wave net radiation were also extensively explored. Based on these evaluations, the
fitting RMSE of the new developed model was approximately 40.0 Wm™ in the global
mode and varied between 18.2 and 54.0 Wmin the conditional mode. We found that
it is better to use net shortwave radiation (including surface albedo) than the incident
shortwave radiation nearly in all models. Overall, the new model performed better

than other existing linear models.

Keywords: Net radiation, Shortwave radiation, Empirical model, Remotely sensed

product
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1. Introduction

All-wave net surface radiation (R,) constitutes the available radiative energy at

the surface, and as such regulates most biological and physical processes, such as

evapotranspiration (Lu et al., 2014; Lu et al., 2013; Wang and Liang, 2008),

photosynthesis and turbulent and conductive heat fluxes. Thus, accurate estimates of

R, are essential for understanding the land surface energy distribution, the formation

and transformation of air masses, snow melting calculations(Male and Granger, 1981),

modeling crop growth, and addressing water resource management (Bisht and Bras,

2011; Hwang et al., 2012). Estimation of R, is necessary because it is a key input

for land surface process models, and are also used routinely to calculate

evapotranspiration(Monteith, 1965), which is a critical component of agricultural,

hydrological, and ecological research.

R, is the difference between the incoming and outgoing shortwave and longwave

radiation fluxes at the surface. Mathematically described as:

Rn = Rns + Rnl
Rns = Rsi - Rso = (1 - a)Rsi (1)
R, =R, R,

Where R is the incoming shortwave radiation (Wm™), R, is the reflected outgoing
shortwave radiation (Wm™), which is calculated by Rs=0%*Rg, a is the shortwave

broadband albedo (dimensionless), thus R,sis the net shortwave radiation, Rj; is the
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incoming longwave radiation (Wm™), R;, is the outgoing longwave radiation (Wm™),
and B, is the net longwave radiation (Wm™2). R, is normally positive during the
daytime because net shortwave radiation dominates, but negative during the nighttime

because net longwave radiation dominates (Allen et al., 1998).

If all four components of Eq. (1) are known, the calculation of R, is
straightforward. Indeed, many radiation measurement towers measure these four
components of radiation, thereby allowing us to determine R, at individual points.
Various satellite observations have been used to generate radiation products at
regional and global scales (Liang et al., 2010; Liang et al., 2013b; Tang and Li, 2008;
Tang et al., 2006; Wang and Liang, 2009b; Zhang et al., 2014). Satellite observations
from the visible to near-infrared spectrum have been used for estimating incident solar
radiation and surface albedo, and thermal-infrared data for estimating longwave
radiation. There are roughly two types of algorithms for estimating radiation(Liang et
al., 2010), one calculates radiative quantities from the derived satellite products of
all relevant atmospheric and surface variables (e.g., aerosol, cloud, atmospheric
temperature profile), and another estimates radiation directly from satellite observed
radiance using a regression equation established from extensive radiative transfer

simulations.

However, frequent cloud coverage implies that it is extremely difficult to estimate R,
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directly from satellite data, particularly longwave radiation component, because

clouds block the surface information from reaching the sensors. Since incident

shortwave radiation dominates day-time net radiation, methods have been developed

to estimate the incident shortwave radiation from satellite data (Liang et al., 2010).

Satellite data include information from both atmosphere and surface. From the

“clearest” observations (less atmospheric signals) during a temporal window, surface

reflectance/albedo can be retrieved, which can be assumed invariant during a short

period of time. As long as surface information is known, we can determine the

remaining atmospheric component that leads to estimation of incident shortwave

radiation (Liang et al., 2006). One of the challenges is the need for multiple

observations during a day for estimating day-time radiation but most polar-orbiting

satellite sensors, such as MODIS, observe the same surface only a couple of times

daily. One solution is to combine both polar-orbiting satellite data with geostationary

satellite(Zhang et al., 2014), for example, the Global Land Surface Satellite (GLASS)

radiation products at Skm spatial resolution and 3-hour temporal resolution(Liang et

al., 2013a; Liang et al., 2013c). Thus, an important research goal presently is to

develop robust methods for the empirical estimation of R, from incident shortwave

radiation.

Although important information can be derived from sustained and uninterrupted

measurements of R, over a surface, R, measurements are only available from a small
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number of representative radiometric observatories because expensive instruments

and constant maintenance are required (Monteith and Unsworth, 1990). To overcome

the lack of experimental observations, R, needs therefore to be estimated from

empirical relationships based on physical considerations and meteorological data.

From a practical view point, it is important that R, can be determined from

relationships that are not location-dependent so they are more universally applicable

and easy to use (Al-Riahi et al., 2003). Consequently, numerous attempts have been

made to calculate R, based on different empirical methods. Two main types of

empirical methods can be classified according to previous studies. The first type of

methods estimates R, from incoming shortwave radiation Ry and other meteorological

variables using simple linear regression (see Section 2.1.1). The second type of

methods estimates R, by calculating the individual components in Eq.(1) separately,

where each component is estimated empirically or physically (Allen et al., 2011). The

first type of methods is used more widely, while the second one often generates

hybrid models with mixed empirical and physical sub-models.

Many of these empirical models were developed based on observational data from

specific locations. Thus, evaluating their performance in various environmental

conditions is a critical issue. Several studies have been conducted to evaluate the

performance of various empirical R, estimation methods. Iziomon et al. (2000)

compared four types of regression models in three sites at different altitudes in the
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southern Upper Rhine valley between Germany and Switzerland, and defined a model

as a “basic regression model” where R, was only related to Ry. The limitations

associated with basic regression models were identified and improvements were

suggested such as incorporating a clearness index for characterizing the effects of

clouds on both shortwave and longwave radiation and air temperature for better

estimation of longwave radiation (see equations (4) and (6) below). Alados et al.

(2003) also compared the basic regression model with a model that was modified by

including albedo and seasonal information for a period of 38 months at a semi-arid

region site in Southeastern Spain. They concluded that seasonal information yielded

significant improvements for a semi-arid shrubland, but only slight improvements

were obtained by incorporating albedo information. Kjaersgaard et al. (2007) tested

six commonly used empirical models, including basic regression, multivariate

regression, and hybrid models coupled to physical Stefan-Boltzmann relationships, at

two independent temperate sites in Denmark for 32 and 7 years. Kjaersgaard et al.

(2009) focused mainly on comparisons of three net longwave radiation

parameterization models under two climate regimes in Denmark and Spain

respectively. Kjaersgaard et al. (2007) showed that various regression models that rely

on the local calibration of model coefficients should be derived from a time series that

comprises at least 5 years of data, and they also showed that physically-based models

are more suitable. They concluded that the performance of these models is generally

best in the summertime and worst in the wintertime. Better performance in the
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summertime and worse performance in the wintertime for various radiation

parameterization schemes, both the physical and empirical, are due to the higher

signal-to-noise ratio (STNR) for higher magnitudes of radiation in the summertime

but lower STNR for lower magnitudes of radiation in the wintertime. Similarly,

Sentelhas and Gillespie(2008) evaluated four types of models to estimate the hourly

R, at a grass site in mid-latitudes in Canada for a 58-day period during the growing

season in 2003. These models were based on different combinations of Rs,

meteorological variables (air temperature and relative humidity), and cloud cover

information. The results showed that these models performed well and they were

generally able to obtain similar hourly R, values as measured, but they performed

better in clear sky conditions rather than overcast conditions, and the incorporation of

cloud information did not seem to significantly improve these estimates of R,. The

reason for better performances of these models in clear sky conditions is exactly the

same as in the summertime because of the higher STNR of the radiation

measurements.

Most previous studies have evaluated empirical R, estimation methods in different

environmental conditions as described above, but they still have several limitations.

The number of R, validation sites used in early works was in fact typically less than

five, which means that the land cover and climatic conditions encompassed were

limited, so that the conclusions of these studies are not suitable to be adopted
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universally. Also, since long-term time series of radiation measurements are not easy

to collect, most studies focused on a short-term period. Several studies have suggested

that at least 5-year observations are needed for fitting empirical models (Kjaersgaard

et al., 2007; Wang and Liang, 2009a). This may be one of the reasons why the

performance of the same model varied greatly among studies. Another important

limitation of these empirical approaches is that they do not accommodate terrain

effects on incoming solar radiation. This simplification could result in significant

errors over mountainous areas where aspect, slope, and elevation can greatly

determine the globe incoming solar radiation and consequently net radiation for

applications associated with ET estimation, ecosystem and climate modeling (Gao et

al., 2008; Long et al., 2010; Wu et al., 2006). Finally, new empirical models that use

shortwave radiation developed recently have not been evaluated and compared with

other models.

The objective of this study is to identify the most robust empirical models for

estimating daytime (defined as the time period between sunrise and sunset) R, from

incident and/or net shortwave radiation and other meteorological variables that are

suitable to be used at global scale. The strategy to achieve this objective is to collect

the most comprehensive and representative ground measurements data sets across the

world to test all available empirical models. In this study, observed radiation data

were obtained from 326 sites, and were collected around the world since the 1990s
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from 12 observing networks. Based on these evaluations, we propose a new empirical

model for estimating the daytime Rj.

The remainder of this paper is organized as follows. The different models are
introduced in Section 2. Section 2 also describes the site information, remotely sensed
and re-analysis data, and the data processing procedure. The results of the analyses

and discussions are presented in Section 3. A Summary is given in Sections4.

2. Methodology and data

2.1 Methodology

2.1.10verview of the empirical models

We present seven types of empirical models and their common feature is that the R, is

estimated linearly from the incoming shortwave radiation.

Model 1 (mod]) is the simplest:

R, =aR, +b, ()
where a; and b; are coefficients. The main advantage of mod]I is its simplicity since
its only requirement is the incoming shortwave radiation. However, mod! does not
correct for the net longwave radiation or for the seasonal changes in surface albedo

(Kjaersgaard et al., 2007 1213).
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Model 2 (mod2) is very similar to modl but it uses net shortwave radiation instead.
The implicit inclusion of albedo was first introduced by Kaminsky and
Dubayah(1997):

R,=a,R,+b,=a,R, (1-a)+b, (3)
where a; and b are coefficients. The authors concluded that the use of net shortwave
radiation can make the model almost independent of the cloud cover, time of day, or

day of year.

To take into account the impacts of clouds, Iziomon et al. (2000) found that the

inclusion of a clearness index (CI = R% ) can improve the daytime R, estimation:
Rn = aSRsi + bSCI + C3 (4)
where as, b3, and c3 are coefficients, CI is the clearness index (dimensionless), and Ry,

is the extra-terrestrial irradiance, which is calculated as follows(Irmak et al., 2003):

R = %[a& sin(@)sin(J) + cos(¢) cos(I) sin(w,)]

d =1+0.033cos 2T2OY
365 (%)

5=0.409sin( 272 _; 39,
365
@, = arccos|—tan(g) tan(0)]

where G is the solar constant (0.0820 MJm ~ Gmin '), d, is the inverse relative

distance from the Earth to the Sun, w; is the sunset hour angle (rad), ¢ is the latitude
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(rad), o is the solar declination (rad), and DOY is the day of the year. This model is

defined as mod3 in this study.

Iziomon et al. (2000) also found that surface air temperature affects the estimation of
longwave radiation and eventually net radiation, and this model is defined as mod4:

R, =a,R,(1-a)+b,dT, +c, (6)
where T,k is the absolute air temperature, J =Stefan-Boltzmann constant
(5.67 x10*WK “m™), and a4, bs, and c4 are coefficients. Surface air temperature
determines downward longwave radiation of the atmosphere, and also is a proxy of
surface skin temperature that largely determines surface upwelling longwave radiation,

The authors found out that mod4 performed better monthly than hourly.

Irmak et al. (2003) also linked R, to a set of meteorological variables. However,
Kjaersgaard et al. (2007) showed that some variables (i.e., the daily maximum and
minimum air temperatures) are inter-correlated, which may cause multicollinearity
and make the prediction model less stable. Therefore, the regression model proposed
by Irmak et al.(2003) was modified by Kjaersgaard et al.(2007), and this model is
defined as mod5 as follows:

R, =asR; +bT, .. +csd, +d; (7
Where T, . is the mean air temperature (°C), d, is the inverse relative Earth-Sun

distance defined in Eq. (5), and as, bs, cs5, and ds are coefficients. Kjaersgaard et
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al.(2007) concluded that mod5 tended to overestimate R, slightly in some seasons but

it still performed better than the original model proposed by (Irmak et al., 2003).

Holtslag and Van Ulden(1983) proposed a relationship between the shortwave net

radiation, surface air temperature and cloud cover:

_R,0-a)+DT', —0oT . +D,N

Rn
1+ D,

®)

where D= 531x10"Wm > [K® is an empirical constant suggested by
Swinbank(1963), N is the total cloud cover fraction, T,k is mean daily absolute air
temperature (K), D, and D3 are also empirical constants, and D; denotes the heating
coefficient for the surface. The authors treated the term DITfK as the theoretical
incoming longwave radiation and OT, ;fK as the theoretical outgoing longwave
radiation. Thus, R (1-a) +D1TfK —OT;fK represents the theoretical net radiation,
while all the other terms are used to correct the theoretical net radiation to the actual
net radiation. Cloud data were not easy to collect, so we used N =1-Clinstead in the
present study. D; and D3 have been derived by Al-Riahi et al.(2003) using locally
collected data. Therefore, we modified the original model as follows and defined it as
modo6:

R, =a R,(1-a)+ DT’ — 0T 1+b,Cl +c, ©)
where as, bs, and c7 are coefficients. Al-Riahi et al.(2003) validated the original model
(Eq. (8)) in an area of Baghdad that was covered by grass and found that the model

performance was best under clear sky conditions (R*> 0.99 in summer).
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Although mod6 incorporates the influence of clouds, the impact of the land surface is
not considered. Learning from the study of Wang and Liang(2009a) (see also equation
(11)), the normalized difference vegetation index (NDVI) could be a good indicator to
represent the land surface in R, estimation. Therefore, we improved mod6 by
incorporating the remotely sensed NDVI and relative humidity (RH¢) after multiple

trial experiments, and we denote this model as “modnew”:

Rn = anew [Rsi (1 - a) + DlTaG,K - aTa4K ] + bnew CI
+c¢, NDVI +d, RH, +e

new new

(10)

new

where dnew, bnew, Cnew, dnew, and euey are coefficients, and the other variables are the

same as those used in mod6.

Wang and Liang (2009a) developed a multivariate linear regression model based on
solar shortwave radiation and conventional meteorological observations and satellite
retrievals (NDVI and albedo), as follows:

R, =R,(-a)a+bT; .. +cDI,..+dNDVI +eRH,) (11)
where Tnin, = is the daily minimum air temperature and DT, . is the daily diurnal air
temperature range. It was found that this model could readily generate a large bias, so
a constant term was added in this study. To ensure consistency, this model (mod7) is
expressed as follows:

R, =R;(1-0a)q, +b7Tmin,°C +C7D];,°c +d,NDVI +e,RH,) + f; (12)

where az, b7, c7, d7, e7, and f7 are coefficients. To incorporate the contribution of
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elevation, Toin,  is corrected for sea level by decreasing the temperature by 6.5°C for
each 1-km increase in elevation (Wang and Liang, 2009a). This model is the first to
consider surface elevation. After validation using measurements at 24 sites worldwide,
it was demonstrated that the original model (Eq. (11)) provided good estimates of the
daytime R, for all sky conditions with bias varying from 27.8 to 9.7 W m? (63% in
relative value) for different sites, and RMSE from 12.8 to 21Wm™ (from 15% to 19%
in relative value) for different sites, and an average of 16.9 W m (16% relative) for

all sites.

Many studies have discussed whether the estimates of R, can be improved by
incorporating surface albedo in the empirical models, but no consensus has been
reached. To better understand the effect of albedo, the models with R,s or R
(mod3-mod7) were modified by replacement with Ry, or R,s (by setting albedo equal
to 0 or not) respectively. Because mod2 is the modified modl, therefore, seven
original linear regression models (modl-mod7) and five modified models

(mod3’-mod7’) were evaluated in the present study.

2.1.2 Cross-validation procedure for model evaluation

R, estimation methods studied here were evaluated based on a leave-one-out
cross-validation procedure. The observations from one site were used for validation
and the observations from all other sites we used for model fitting. The procedure was

repeated and the statistics of the validation results were compiled. Three measures
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were used to characterize the model performance: R? root mean squared error
(RMSE), and bias. In general, all three measures were examined to evaluate the

performance of various models, but RMSE values were given larger weighs.

2.2Data

The data used in this study comprised the in-situ radiation measurements, remote
sensing products, and meteorological reanalysis data. The remote sensing products
and reanalysis data were used to map net radiation on a global scale. After multiple
trial experiments, no significant differences in estimated R, with the eight models by
using daily or daytime meteorological data was found. Therefore, after pre-processing
with strict quality control, all of these data were aggregated to a daily scale except
radiation measurements which were aggregated to a daytime scale. Further details of

these data are given below.

2.2.1In-situradiation observations

(1)Measurement networks

The observed net radiation data were collected from 326 sites in 12 global
measurement networks, as shown in Fig.1. These sites are distributed across the globe
and represent different climatic and ecosystem conditions, which range from the
Arctic to the Antarctic. Some two thirds of these sites may be ascribed to the La
Thuile dataset of the FLUXNET network. Table 1 provides more information on each

network.
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The land cover types at these sites, as defined by the International
Geosphere-Biosphere Programme (IGBP), included evergreen broadleaf forest,
evergreen needle-leaf forest, deciduous broadleaf forest, deciduous needle-leaf forest,
mixed forest, cropland, grassland, savanna, ice, barren or sparse vegetation, wetland
and shrubland (Table 2). The elevations of these sites ranged from -0.7m to 5063m
above sea level. This comprehensive representation of land cover types, widespread
spatial distribution, and different elevations ensured that the global applicability of the

models was assessed.

Note that some of these locations where observations of net radiation were made
did not have associated meteorological measurements like air temperature, wind, etc.,

so that model reanalysis was needed for these variables.

(2) Daytime radiation pre-processing

The radiation measurements came from different observation networks, so various
pre-processing procedures were required. It is noteworthy that the La Thuile dataset is
temporally continuous because its missing data have been filled using a time-filling
methods (Falge et al., 2001). However, other datasets have not been filled in this study.
The observation times for each site have been transformed into the solar time for
consistency, and then the radiation observations (R, and Ry;) were aggregated into the

daytime mean values. The “daytime” in this study is defined as the time period
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between sunrise and sunset, so the sunrise and sunset times for each site should be
determined firstly according to Doggett et al.(1978). After that, the daytime
radiation values were calculated by averaging all the observations between sunrise
and sunset for each site. To ensure quality control, the daytime values were only
calculated if at least one observation was available in each single hour during daytime
hours. Finally, all of the daytime values were checked manually, and any

unreasonable values were removed.

Note that the methods proposed by Doggett et al. (1978) for estimating the sunrise
and sunset times does not account for the effect of terrain on solar radiation, which

may limit its applications over complex terrain.

2.2.2 Satellite products

Land surface changes can be characterized by the long time series NDVI and
surface albedo, so two satellite products (NDVI and surface albedo) were used in this
study to explore the effects of land surface characteristics on the surface net radiation
estimates. To match the long term period of the radiation measurements, the
bi-weekly 8-km NDVI products from 1982-2010 derived from the Advanced High
Resolution Radiometer (AVHRR) data on the National Oceanic and Atmospheric
Administration (NOAA) polar-orbiting satellite by the NASA Global Inventory
Monitoring and Modeling Studies (GIMMS) (Tucker et al., 2005) and the 8-day

0.05° spatial resolution albedo products from 1982-2010 extracted from the Global
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Land Surface Satellite (GLASS) datasets were used in this study. The AVHRR
GIMMS NDVI product has been used widely (Jiang and Liang, 2013; Zhang et al.,
2013), and the GLASS albedo product has been demonstrated to be more accurate
than other products(Liang et al., 2013a; Liang et al., 2013c; Liu et al., 2013a; Qu et al.,
2014). The NDVI and albedo time series data were extracted for each site.

For all these models discussed in Section 2.111, ground measured incident
shortwave radiation data (g ) and the corresponding satellite albedo product a)
for calculating R,s were used in this study. However, satellite products will need to be
used when applying these models to map net radiation at the global scale, which is
one of the objectives in the phase-II GLASS project. GLASS shortwave radiation
product (g ) has Skm and 3h resolutions currently only from 2008-2010 (Liang et al.,
2013a; Liang et al., 2013c; Zhang et al., 2014), but it is being extended to cover

multiple years.

2.2.3 Reanalysis data

Meteorological reanalysis data were used for global mapping in the present study
because of the limited coverage of the field meteorological observation networks. We
used NASA Modern Era Retrospective-Analysis for Research and Applications
(MERRA) data (Rienecker et al., 2011). Multiple meteorological variables, including
maximum air temperature (7T, °C), minimum air temperature (7nin, °C), mean air
temperature (7,, °C), diurnal temperature range (DT, °C), wind speed (W, m/s), and

surface air pressure (PS, pa), were first extracted for each site from 1982-2010, and
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the hourly MERRA data were then aggregated to obtain daily values. The relative
humidity (RH%) cannot be extracted from MERRA directly, so it was calculated from

other MERRA quantities (http://www.cactus2000.de/uk/unit/masshum.shtml):

PS%
((mdryqvkg/kg T, , T, GV g, )/(qvkg/kg mg,, )

(13)
ay+7T,..(a, +T,, (a,*T,, (a;*+T,, (a,+T,. (as+T,..as/1000)))))

RH =

where PS,q is the surface air pressure, and gvigse is the specific humidity from
MERRA. my, and m,, are the molar mass of dry air and water, and they were
defined as 28.9644 g/mol and 18.01534 g/mol respectively. The denominator is used

for vapor pressure of water calculation (Lowe and Ficke, 1974). The other constants
are defined as: 4,= 6.107799961, o = 0.443651, 4, = 1.4289X 107, 4 = 2.65X

104, 4,=3.03X10°, 4 =2.03X10% ands, =6.1368X10®.

3. Results and discussion

After pre-processing, 414,540 observations were used from 326 sites during
1992—-2010.The models were fitted with these observations in two cases. In case 1, the
models were fitted using all the observations, i.e., global models. In case 2, the
observations were divided into several subsets based on their surface characteristics

(see Section 3.1.2) and the models obtained are referred to as conditional models.
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3.1 Model evaluation results

3.1.1 Global model

The performances of all the empirical models based on the cross-validations are
shown in Table 3. The results show that including the surface albedo generally
produced better fitting results. For example, the regression statistics of mod3 was
improved, where R?increased from 0.823 to 0.888, RMSE decreased from 52.895 to
42.005Wm™, and bias changed from —0.069 to 0.019Wm™ when Rj; was replaced with
Ry,s. Similar improvements were obtained with mod5. However, the fitting accuracy
declined when R, was replaced with R, in mod4, mod6, mod7 and modnew. Among
all the models, modnew and mod7 had the best performance, followed by mod4 and

mod6. The modified models mod3’ and mod5’ performed as well as mod4 and mod6.

In Fig. 2 three measures of the fitting statistics (R%, RMSE, and bias) are
compared, where only the best for each model was selected (modl, mod2, mod3’,
mod4, mod5’, mod6, mod7, and modnew). Note that all of the models selected
included R,s. Mod7 and modnew yielded higher R? values, lower RMSE, and almost

zero bias. The other models delivered similar R, fitting performance.

The coefficients of the eight global models (modl-modnew) using all of the
observations from 326 sites are shown in Table4. All of the dependent variables were

significant (p<0.05). Only the best model in each case is shown in this table.

To better understand the differences in our results compared with previous studies,
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the original coefficients of some published models are shown in Table5, as well as
their fitting statistics using all of the measurements in the present study. Although
many studies employed calibrated model coefficients, some coefficients could not be
used for comparison in the present study due to the different time scales employed
(daily/monthly), thus only five models were selected. As earlier, only the best variants
for each model are shown here, where modlI, mod2, mod4, and the revised mod3
(mod3’—containing R,s) and mod7 (containing the bias term) were compared with the
original published models. Note that the coefficients for Linacre (1992) and Iziomon
et al. (2000) in Table 5 are the median coefficients from 19 sites and three sites in
their studies respectively. In general, the coefficients of modl and mod2 were similar
in different studies, but the model bias became smaller when more sites were used for
fitting. For mod3, the coefficients differed considerably because R,s; was used in our
study and it is obvious that the model fitting accuracy was improved significantly by
using mod3’, with the RMSE of 41.81 and the bias of -0.003 Wm™. The coefficients
were also different for mod4 and the model-data mismatch was worse than that
obtained using the original model. For mod7, the coefficients were different due to
the addition of the bias term, although the bias decreased near zero using the new
model. Therefore, the comparative results indicate the importance of using

comprehensive measurements when fitting empirical models.

3.1.2 Conditional model

In the global model, the models had fixed coefficients for all land surfaces. Most
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previous studies focused on a small region or on a few sites, thus they were unable to
discuss the effects of land surface on the net radiation. By contrast, the extensive
observations used in the present study were collected globally (Fig.1), so it was
possible for us to explore the conditional mode, i.e., fitting models in specific
conditions.

After multiple trial experiments, we found that the relationships between Ry and
R, differed with various combinations of surface NDVI and albedo. The models tested
in our study were all based on the relationship between R, and shortwave radiation, so
we divided the entire dataset into the subsets based on the NDVI and albedo according
to the different relationships between Ry and R, as shown in Fig.3. Fig. 3a and 3c
show the scatter plots for Ry and R, with different NDVI values and their
corresponding albedo histograms (Fig. 3b and 3d). An NDVI threshold of 0.2 was
selected to identify vegetated surfaces that have similar albedo values. When
NDVI<0.2 (no vegetation, Fig.3a), the non-vegetated surfaces (Fig.3b) were
categorized into three classes: albedo<0.25, 0.25<albedo<0.7, and albedo=0.7, and
Fig.4shows that the relationships between Ry and R, differed considerably among the
three classes. However, the relation between Ry and R, (Fig.3c) was similar with
vegetated surfaces (NDVI=0.2). Thus, four categories were identified, as shown in

Table 6.

Table 6 shows the four classification criteria and the corresponding numbers of

observations for the conditional models. For simplicity, we denote the four categories



474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

as S1 (NDVI<0.2 and albedo<:0.25), S2 (NDVI<0.2 and 0.25<albedo<0.7), S3
(NDVI<0.2 and albedo = 0.7), and S4 (NDVI = 0.2). These four categories
corresponded to some of the major land cover types found on the Earth. For
example, S1 can represent wetland, S2 represents desert or barren land with sparse
vegetation, S3 represents snow/ice, and S4 represents the remaining vegetation
surface types. Furthermore, the seasonal information can also be represented by these
categories. In the following, the performances of the eight net radiation estimation

models are discussed with the four individual categories.

Similar to the global model evaluation, the performance of these models and those
modified by replacing Ry (Rsn) with Ry, (Rsi) were also compared based on these four
categories. To eliminate the effects of NDVI values in S1-S3, the NDVI values were
set to 0. For simplicity, only the best fitting result was selected for each model for
comparison, and the final model selection results are shown in Table 7, which shows
that the fitting accuracy was improved by incorporating albedo for most of the

categories and empirical models, except mod7 and modnew for S1.

Fig. 5 shows the comparative results for all models with the different categories.
For class S1, modnew’ yielded the best performance, followed by mod2 and mod3’
with similar performances levels, and mod7’ had the highest bias, although R?(0.775)
and RMSE (55.415 Wm™) were good. For class S2, mod2, mod3’, mod6, and modnew

yielded similar regression accuracy, although mod3’ was the best, whereas mod7 only
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performed better than modl, which had the poorest performance. However, the
overall fitting accuracies for S2 were not as good as those for S1 and S4, which
indicates that the use of incoming shortwave radiation for -estimating R, is more
suitable for non-vegetated surfaces with low albedo or other ordinary land surface
types. Compared with the other categories, S3 was very different because there was
nonlinear relationship between R, and R, (Fig. 4). Nearly all of these models had
similar performance. The average R?> was only around 0.1, but the RMSE values were
very small compared to those in other cases and the biases were nearly zero. Keep in
mind that net radiation of snow/ice surfaces is relatively small because of high albedo.
The comparison showed that mod?2 yielded the best performance for S3. Modnew was
the model with the best performance for S4.

Overall, several conclusions can be made based on these results: (1) the new
model modnew that was developed in the present study had the best performance and
it was very stable with the four categories; (2) unlike other models, the fitting results
could not be improved by introducing albedo in mod7 and modnew for class S1 (see

Table 7); (3) modlonly used R;;and it yielded the worst performance in general.

In summary, all empirical net radiation fitting models that included shortwave
radiation could be used for net radiation estimation in most situations because their
fitting accuracy was acceptable despite some differences from each other. In particular,
net radiation is difficult to estimate over a surface that has no vegetation or sparse

vegetation and high albedo, thus the physically-based or longwave radiation
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parameterization models or non-linear models should be considered in this case.

3.2 Discussions

Previous studies of net radiation estimation models have assessed the impacts of

surface albedo, air temperature, and surface elevation, but their conclusions are

inconsistent and not comprehensive. In the present study, we tested these models

simply by studying the relationships between the measured and simulated R,, as well

as related factors (e.g., surface albedo, NDVI, air temperature), for each model in

every category (S1, S2, S3, S4 and global). Due to unavailability of cloud data, the

clearness index (CI) was used instead. We observed that the relationships between the

fitting errors and other factors were very similar for all models in each category,

where the daily air mean/minimum temperature, wind speed and CI were the most

sensitive factors during net radiation estimation. We consider modnew as an example.

Fig. 6a-e show the relationships between the net radiation fitting errors and the

daily air mean temperature. In general, the fitting errors were greater with higher air

temperature, except for classS1. Higher air temperature may correspond to a hotter

season (summer), near noon local time, or low latitude, which generally have larger

incident shortwave radiation and therefore net radiation. Thus, it is reasonable to have

larger absolutely errors. Besides, higher air temperature also leads to larger longwave

radiation.

For wind speed (Fig. 6f-j), the fitting errors were greater with smaller wind speeds,

except for class S1. Weaker wind may indicate warmer air and larger incident
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shortwave radiation and longwave radiation. Their relative errors may not display the
similar trends.

The influence of cloud was very similar for all categories. Fig. 6k-o show that the
fitting errors were smaller when the sky was overcast, which is consistent with the
previous findings (Alados et al., 2003; Kaminsky and Dubayah, 1997). It may be also
explained by the reduced absolute magnitude of incident solar radiation under cloudy

conditions.

We also studied the effects of elevation on net radiation estimation. The air
temperature is usually scaled by elevation in the models, but we found that scaling the
air temperature by elevation did not make much difference.

Therefore, the effects of air temperature and cloud may consider to be
incorporated into the estimation models in future research because satellite remote
sensing is capable of producing accurate products of air temperature and cloud
coverage. Although wind cannot be accurately retrieved over land surfaces from
satellite data, if our speculations discussed above are right, wind effects can be
addressed if models incorporate the information of air temperature and cloud

coverage.

4. Summary

Due to the inadequate spatial representation of field measurements, satellite

remote sensing provides a practical method for mapping net radiation spatially and
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temporally at different scales. A practical solution is to estimate the net radiation
empirically based on the incoming shortwave radiation or shortwave net radiation,
which can be estimated accurately from satellite observations. To develop a robust
empirical model, we collected as many comprehensive ground measurements as

possible and evaluated the most commonly used empirical models.

We evaluated seven daytime net radiation estimation empirical models using
observations obtained from 326 independent sites during 1992-2010. These sites were
distributed worldwide and they represented the major land cover types on the Earth,
as well as seasonal information. The leave-one-out cross-validation method was used
to derive calibration coefficients and for validation. The performances of these models
were evaluated using the whole dataset (global model) or four subsets based on the
surface albedo and NDVI values (conditional model). The effects of albedo, elevation,

and some meteorological factors were investigated in the present study.

Based on extensive evaluations and analyses of existing models, we developed a
new model that performed better than the existing models in both the global and
conditional models. In the global model, the RMSE of this new model was
approximately 40.0 Wm™. In the conditional mode, the new model could reduce the
RMSEs to 53.92, 50.99, 18.23, and 39.01 Wm™ for S1-S4, respectively, which were

better results than those obtained using most of the other linear empirical models
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considered in this study.

Noting that these models evaluated in this study are linear based on the linear
relationships between all-wave net radiation and incident surface shortwave radiation
or surface shortwave net radiation, but the possible non-linear relations have not been
considered here but presented elsewhere (Jiang et al. 2014).The global distribution of
the observations used in this study is largely biased toward the boreal regions and
western countries, and few urban sites were included. And also the terrain slope and
orientation of these radiation measurements have not been taken into account in this
study. Besides, the remotely sensed and reanalysis data used have coarser spatial
resolution, and may not be the best to match the site radiation observations. All these

aspects need to be addressed in the future.
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Tables

Table 1 Information related to the 12 observation networks

Network/ No. of Time
. . Instrument URL
Program sites Period
Global
Fluxnet (La Kipp&ZonenCNR-1,
207 1991-2008 http://www.fluxdata.org/
Thuile etc.
dataset)
AsiaFlux 19 1999-2008 | Kipp&Zonen CNR-1 http://www.asiaflux.net/
ARM 22 2002-2013 | Kipp&Zonen CNR-1 https://www.arm.gov/
Eppley,
BSRN 6 1992-2012 PIR/Kipp&Zonen http://www.bsrn.awi.de/
CG4
http://www.esrl.noaa.gov/gmd/gr
SURFRAD 7 1995-2012 Eppley, PIR
ad/surfrad/
GAME/AA http://aan.suiri.tsukuba.ac.jp/aan.
10 1997-2003 EKO MS0202F
N html
. http://daac.ornl.gov/BOREAS/bh
BOREAS 5 1993-1996 | Kipp&Zonen CM-5
s/BOREAS_Home.html
Li Cor Photodiode & | http://cires.colorado.edu/science/
GC-Net 13 1995-2012
REBS Q* 7 groups/steffen/gcnet/
Eppley, .
CEOP-GE . http://www.eol.ucar.edu/projects/
37 2002-2009 PIR/Kipp&Zonen
WEX ceop/
CG4
CEOP 10 2007-2009
Kipp&Zonen http://www.cesbio.ups-tlse.fr/us/s
SMOSREX 1 2005-2010
CNR-1 mos/smos_lewis.html
CERN 1 2007 http://www.cerndata.ac.cn/

ARM: Atmospheric Radiation Measurement, BSRN: Baseline Surface Radiation Network(Ohmura et al., 1998),
SURFRAD: Surface Radiation Network(Augustine et al., 2000; Augustine et al., 2005), BOREAS: Boreal
Ecosystem-Atmosphere Study, GC-Net: Greenland Climate Network(Steffen et al., 1996), CEOP-GEWEX:

Coordinated Enhanced Observing Period, CEOP: Coordinated Enhanced Observation Network of China (Jia et al.,

2012; Liu et al., 2011; Liu et al., 2013b; Xu et al., 2013), SMOSREX: Surface Monitoring Of Soil Reservoir

Experiment(de Rosnay et al., 2006), CERN: Chinese Ecosystem Research Network.




795 Table 2 Number of sites for each IGBP land cover type

IGBP Land Cover Types No. of sites
Barren& Sparse vegetation 6
Cropland 50
Deciduous Broadleaf Forest 35
Deciduous Needleleaf Forest 6
Evergreen Broadleaf Forest 17
Evergreen Needleleaf Forest 68
Grassland 70
Ice 17
Mixed Forest 14
Savanna 7
Shrubland 18
Wetland 18
Total 326
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Table 3 Comparative fitting statistics for seven daytime net radiation estimation models. The

coefficients a and b are the slope and intercept of the linear regression relationship between estimated

and measured R,.

a b R? | RMSE | bias a b R? RMSE | bias
(Wm2) (Wm?) | (Wm?) (Wm?) (Wm?) | (Wm?)
modl | 0.9991 0.167 0.767 | 60.634 | -0.0003
mod2* | 0.9996 0.059 0.879 | 43.658 | -0.016
mod3 | 0.9992 0.083 0.823 | 52.895 | -0.069 Ml mod3’* | 0.9990 | 0.207 0.888 | 42005 | 0.019
mod4™ | 0.9992 0.135 0.886 | 42385 | 0.018 (Ml mod4’ 0.9989 | 0.098 0.827 | 52361 | 0.1003
mod5 0.9990 0.048 0.828 52.114 0.143 mod5’* 0.9994 0.088 0.887 42.209 -0.028
mod6” 0.9991 0.163 0.890 41.641 0.002 mod6’ 0.9991 0.095 0.826 52474 -0.077
mod7"* 0.9986 0.209 0.899 390.882 -0.045 mod7’ 0.9984 0.250 0.867 45.901 -0.045
modnew | 0.9987 0.183 0.899 40.025 -0.047 modnew’ 0.9992 0.044 0.859 47.276 -0.098

” denotes a modified model, and * denotes models that included R,;.
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Table 4 Coefficients for the best eight global models

Model Coefficients
|
ai b
modl

0.654 -20.317
a b

mod2* : 2
0.781 -13.596

mod3™ |- bs =
0.867 -81.483 6.310

modd* a4 b4 c4
0.724 0.211 -77.253

S bs Cs ds
0.721 0.777 -301.420 296.842

mod6* a6 bs <o
0.863 -90.491 87.219

mod7* ay b7 c7 d7 ez f7
0.5515 0.0027 0.0015 0.1321 0.1652 -10.7575

modnew™ Anew bnew Cnew dnew Enew

0.862 -65.435 24.564 54.351 20.966

” denotes a modified model, and * denotes models that included R,;.



835

836 Table 5 Comparisons of the coefficients and performance using modl, mod2, mod3, mod4, and mod7 in

837 the present study and the original published reports.

Model comparison

Coefficients R?> | RMSE | bias

(Wm?) | (Wm?)

aj b
modl 0.767 | 60.425 | -0.0097
0.654  -20.317
Linacre 0.63 -23
0.769 | 60.425 | -10.118
(1992)
Iziomon et al. 0.63 -25.7
0.769 | 60.425 | -12.818
(2000)
az b2
mod2 0.880 | 43.511 0.001
0.781 -13.596

Iziomonet al. | 0.80 -24.5
0.880 43.511 -6.104

(2000)
as bs c3
mod3’ 0.889 | 41.810 -0.003
0.867 -81.483 6.310
0.77 1475 -6
Iziomon et
0.817 | 53.829 | -24.575
al.(2000)*

mod4 aq b4 c4 0.888 | 42.170 -0.008
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0.724  0.211  -77.253
Iziomon et | 0.82 0.028 38.4
0.882 43.200 72.230
al.(2000)
az b7 c7 d7 e7 f7
mod7 0.902 39.356 -0.049
0.5515 0.0027 0.0015 0.1321 0.1652  -10.7575
Wang and | 0.5129 0.0025 0.0000 0.1401 0.2604
0.899 39.883 13.251
Liang(2009a)

* denotes the models that included R;, where the others included R;.

Table 6 Four classification categories based on the combination of NDVI and albedo, with their

corresponding numbers of observations.

Class Classification criteria No. of Observations
S1 NDVI<0.2 and albedo<0.25 19111
S2 NDVI<0.2 and 0.25<albedo<0.7 17909
S3 NDVI<0.2 and albedo=0.7 20229
S4 NDVI=0.2 357291




847 Table 7 Final models selected for comparison for each category.

Selected models

S1 modl, mod2* mod3’* mod4* mod5’* mod6* mod7 wavi=o, modnew navi=o

S2 modl, mod2* mod3’*, mod4* mod5’* mod6*, mod7*,avi=0, modnew *,avi=o

S3 modl, mod2* mod3’*, mod4* mod5’* mod6*, mod7*,avi=0, modnew *,avi=o

S4 modl, mod2* mod3’*, mod4* mod5’*, mod6* mod7* modnew*

848 ” denotes a modified model, and * denotes the models that included R,,;.

849  Figure Caption

850  Figure 1 Distribution of 326 observation sites in 12 measurement networks.

851

852

853  Figure 2 Comparisons of the fitting statistics for the eight selected models (modl,
854  mod2, mod3’, mod4, mod5’, mod6, mod7, and modnew) using three measures: (a) R?,
855  (b) RMSE (Wm™), (c) bias (Wm™).

856

857

858  Figure 3 Scatter plots for R, and Ry (a, c¢), and their corresponding histograms of
859  albedo (b, d) when NDVI<0.2 and NDVI=0.2.

860

861

862  Figure 4 The scatter plot for R, and R,; when classified by albedo whenever
863 NDVI<O0.2.

864

865
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876

Figure 5 Comparison of the fitting accuracies (R%, RMSE, bias) for eight selected
models with four categories: (a)-(c) S1, (d)-(f) S2, (g)-(i) S3, and (j)-(I) S4.

Figure 6 Scatter plots showing the differences between the measured and model
calculated R, and related factors for each model in the five categories (S1, S2, S3, S4
and global): (a)-(e) daily mean air temperature (7), (f)-(j) daily mean wind speed (W),
and (k)-(o) clearness index (CI). Positive values mean that the model underestimated
net radiation.
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