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Abstract: Solar radiation significantly affects terrestrial gross primary productivity (GPP). However,
the relationship between GPP and solar radiation is nonlinear because it is affected by diffuse
radiation. Solar radiation has undergone a shift from darker to brighter values over the past
30 years in China. However, the effects on GPP of variation in solar radiation because of changes
in diffuse radiation are unclear. In this study, national global radiation in conjunction with other
meteorological data and remotely sensed data were used as input into a two-leaf light use efficiency
model (TL-LUE) that simulated GPP separately for sunlit and shaded leaves for the period from 1981
to 2012. The results showed that the nationwide annual global radiation experienced a significant
reduction (2.18 MJ m−2 y−1; p < 0.05) from 1981 to 2012, decreasing by 1.3% over this 32-year interval.
However, the nationwide annual diffuse radiation increased significantly (p < 0.05). The reduction in
global radiation from 1981 to 2012 decreased the average annual GPP of terrestrial ecosystems in
China by 0.09 Pg C y−1, whereas the gain in diffuse radiation from 1981 to 2012 increased the average
annual GPP in China by about 50%. Therefore, the increase in canopy light use efficiency under
higher diffuse radiation only partially offsets the loss of GPP caused by lower global radiation.

Keywords: GPP; diffuse radiation; global radiation; TL-LUE

1. Introduction

Carbon sequestration is extremely important for global change studies [1]. Terrestrial gross
primary productivity (GPP), which indicates the ability of vegetation to use light energy through
fixation of carbon dioxide during photosynthesis, is a primary component of the terrestrial carbon
cycle [2]. Solar radiation substantially affects the ecosystem GPP [3].

Global radiation (Rg) includes both direct and diffuse components. Compared with direct
radiation, diffuse radiation (Rd) is more readily distributed evenly in the canopy and shows higher
photosynthetic saturation. Therefore, higher Rd increases the canopy light use efficiency (LUE) and
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thus leads to the enhancement of GPP [4–7]. Consequently, under cloudy or severe haze conditions,
even if Rg decreased, vegetation GPP can increase as a result of the higher Rd component.

Many studies have quantitatively or mechanistically assessed the influence of changes in Rd on
GPP at the site scale. An increase in Rd results in enhanced canopy LUE and hence leads to an increase
in vegetation productivity. For example, Gu et al. [8] confirmed that canopy LUE under Rd was higher
than that under direct radiation for six vegetation types. Gu et al. [9] observed that after a volcanic
eruption, changes in Rd on the GPP of Harvard Forest increased by 3–21% because of the increase in
the diffuse radiation fraction.

Previous studies have evaluated the effects of Rd on GPP at the regional scale with ecological
models. Black et al. [10] investigated the impact of radiation on GPP over the past 50 years. The effect
was greater for agricultural lands and grasslands than for forests, as demonstrated by flux data.
Mercado et al. [5] observed that the reduction in global photosynthetically active radiation (PAR)
reduced global terrestrial carbon sinks by 14.4%, whereas an increase in Rd increased global terrestrial
carbon sinks by 9.3%. Chen et al. [11] coupled a terrestrial ecological model and an atmospheric
radiation transmission model to study the direct radiation effect on terrestrial ecosystems from 2003 to
2010, and reported that enhanced Rd led to an increase of global GPP by 4.9 Pg C. Thus, previous studies
clearly show that the impacts of Rd on the carbon cycle should be considered in ecological models.

In recent years, given the important influence of Rd on GPP, an increasing body of research has
attempted to improve ecological models for simulation of GPP with the inclusion of Rd with LUE
models. The two-leaf light use efficiency model (TL-LUE) simulates GPP with the differentiation of
direct radiation and Rd [12]. Wang et al. [13,14] incorporated Rd into a LUE model. Yan et al. [15] also
established a two-leaf model Terrestrial Ecosystem Carbon flux (DTEC) to separately simulate GPP for
sunlit and shaded leaves. Zheng et al. [16] upgraded a large-leaf model, Eddy Covariance - Light Use
Efficiency (EC-LUE), into a two-leaf model to separately simulate GPP for sunlit and shaded leaves.
The above-mentioned models show that incorporation of Rd into GPP models clearly improves the
GPP simulation.

In China, previous studies of changes in Rg and Rd have been based on meteorological data,
including global radiation measurements, or global radiation derived from sunshine duration.
With regard to Rg, studies of trends in Rg that were conducted around or before 2000 were inconsistent
because of limited radiation measurement stations. Previous studies have shown that, during the
period from the 1950s to 2000s, Rg changes in China have undergone a shift from darker (decreasing) to
brighter (increasing) values [17–21], whereas other studies have shown that Rg in China has experienced
a sustained reduction of about 3.1–4.5 W m−2 decade−1 [22–24]. Studies on the trend of Rg based on
an increased number of radiation measurement stations from the 1980s to the 2010s have shown that
global radiation shows a distinct increasing trend [25]. Regarding Rd, previous studies have reported
that, in the context of global dimming, Rd and the diffuse radiation fraction are increasing [19,22,25].
For example, Ren et al. [25] observed that national annual mean Rd during the period from 1981 to
2010 increased by 7.03 MJ m−2 y−1 by interpolation from 754 meteorological stations and 122 radiation
stations across China. Che et al. [22] reported that the diffuse radiation fraction in China increased by
1.73% per decade from the 1960s to the 1990s.

Several studies have simulated the effects of changes in Rd and Rg on GPP at the site scale in
China. He et al. [26] observed that increments in the diffuse radiation fraction enhanced the LUE of
the forest canopy, which compensated for the reduction in GPP caused by the decrease in the PAR
fraction in three forest ecosystems in China. Li et al. [27] reported that the response of canopy GPP
to radiation changes was predominantly determined by the Rd in an evergreen coniferous forest in
China. However, at a regional scale in China, the impacts of recent changes in Rg and Rd on GPP
are unclear, which demands a better understanding and accurate spatiotemporal estimation of such
impacts. The aims of the present study were to (i) analyze the trends of Rd and Rg in China from 1981 to
2012, and (ii) assess the effects of variation in the diffuse radiation fraction on terrestrial GPP in China.
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2. Materials and Methods

2.1. Data

The data used in the two-leaf light use efficiency model (TL-LUE) model to simulate GPP in China
over the period 1981–2012 were as follows: (i) grid-based meteorological data, including Rg, Rd, air
temperature (Ta), minimum temperature (Tamin), maximum air temperature (Tamax), and vapor pressure
deficit (VPD) at the daily scale; (ii) 8-day remotely sensed leaf area index (LAI); and (iii) remotely
sensed land-cover data.

2.1.1. Meteorological Data

Average daily Ta, Tamin, Tamax, average relative humidity (RH), and sunshine duration for
1981–2012, available from 754 conventional meteorological stations, were used. The average RH was
converted to VPD following the reference methodology of Allen et al. [28]. Of the 754 meteorological
stations, Rg and Rd were measured at 103 and 81 sites, respectively, and sunshine duration was
measured at all 754 sites during 1981–2012 (Figure 1 and Supplementary Figure S1, and Supplementary
Tables S1 and S2).
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Figure 1. Distribution in China of meteorological stations recording sunshine duration, and global and
diffuse radiation.

The Rg at the site scale was interpolated to the national scale by the following steps. First,
the Ångström model (Equation (1)) [29] was calibrated using data from 103 meteorological stations
recording both Rg and sunshine duration measurements during 1981–2012. Second, to compensate
for the lack of global radiation measurements, Rg for the remaining 651 meteorological stations was
calculated by using sunshine duration and the calibrated Ångström model in step 1. Third, data from
12 sites with Rg measurements in 2014 were used to validate the calibrated Ångström model (see
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Supplementary Materials Figure S2). Finally, using radiation data at the 754 sites, Rg was interpolated
to the national scale with an inverse distance weighted method.

Considering the heterogeneity of terrain and climate in China, the country was divided into
eight regions: Northeast China (R1), Inner Mongolia (R2), Northwest China (R3), North China (R4),
Central China (R5), South China (R6), Southwest China (R7), and the Qinghai–Tibet Plateau (R8).
The Rg estimation model was fitted for each region separately to convert sunshine duration into Rg,
which was comparable with the method of Ren et al. [25,30]. The Ångström model [29] was selected
to estimate Rg because of the advantages of a simple structure, clear physical meaning, stable model
coefficients, and good fitting results in addition to its widespread use [31]. This model was as follows:

Rg

R0
= a + b×

n
N

(1)

where Rg is the global radiation reaching the surface, R0 is the daily extraterrestrial radiation, n is the
actual daily sunshine duration observed at a given site, N is the potential daily sunshine duration, and a
and b are coefficients. Both R0 and N can be calculated based on latitude and date [32]. Root mean
square error (RMSE) values of the radiation derived using Ångström models for each of the eight
regions of China are shown in Table 1.

Table 1. Parameter and error values for the various Ångström models used to convert sunshine hours
into global radiation (Rg) for eight regions of China.

Parameters R1 R2 R3 R4 R5 R6 R7 R8

a 0.234 0.234 0.214 0.213 0.226 0.238 0.230 0.232
b 0.501 0.505 0.527 0.479 0.450 0.457 0.498 0.556

Samples 78.503 86.281 195.870 165.151 166.877 54.146 62.710 124.354
R2 0.714 0.665 0.726 0.733 0.739 0.749 0.788 0.687

Root Mean Square Error
(RMSE, MJ m−2 d−1) 2.180 2.219 2.073 2.130 2.394 2.378 2.442 3.056

The Rd at the site scale was interpolated to the national scale based on the following steps. First,
data from 81 meteorological stations recording both Rg and Rd during 1981–2012 were used to calibrate
the logistic model (Equation (2)) [27,30]. Second, to compensate for the lack of Rd measurements,
Rg estimated with the Ångström model was used to calculate Rd for the remaining 673 meteorological
stations using the calibrated Equation (2) in step 1. Third, data from 12 sites with Rg measurements in
2014 were used to validate the calibrated Ångström model (see Supplementary Materials, Figure S3).
Finally, Rd was interpolated to the national scale using Rd at the 754 sites.

A simple and accurate logistic model [27,30] was used to estimate Rd as follows:

Rd

Rg
=

1

1 + ec+d×
Rg
R0

(2)

where Rd is the diffuse radiation, and c and d are the nonlinear regression coefficients. Table 2 shows
the RMSE values of estimated Rd derived from logistic models for the eight regions of China.
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Table 2. Parameters and error values for various logistic models used to estimate diffuse radiation (Rd)
for eight regions of China.

Parameters R1 R2 R3 R4 R5 R6 R7 R8

c −2.936 −3.454 −3.760 −3.976 −3.759 −3.418 −3.513 −2.850
d 5.657 6.161 6.778 7.338 7.054 6.647 6.796 5.741

Samples 26.788 11.483 79.589 46.943 59.732 15.704 19.647 37.161
R2 0.695 0.712 0.707 0.811 0.779 0.696 0.797 0.630

RMSE (MJ m−2 d−1) 1.727 1.955 2.115 1.596 1.715 2.254 1.821 2.516

The coefficient of determination (R2) for Rg and Rd measurements and estimations ranged from
0.66 to 0.79 (Table 1) and 0.63 to 0.81 (Table 2), which were comparable with the results of Singh [33]
and Ren et al. [30]. Validation (see Supplementary Materials, Figures S2 and S3) indicated that the
R2 for Rg measurements and estimations was 0.85–0.96 and that for Rd was 0.55–0.75 at validation
sites. Estimated global and Rd in this study showed the similar values to those of Ren et al. [30] (see
Supplementary Materials, Figure S4).

2.1.2. LAI Data

The LAI at a 0.0727◦ grid for 1981–2012 was generated using the Moderate Resolution Imaging
Spectroradiometer (MODIS) and the Advanced Very High Resolution Radiometer (AVHRR) data.
The dataset was generated by Liu et al. [34] and has been widely used in studies of the carbon cycle
and vegetation response to climate change of terrestrial ecosystems [35–39]. GLOBMAP LAI V3
during 1981 to 2012 was generated by fusing LAI inverted from MODIS reflectance data with Global
Inventory Modelling and Mapping Studies (GIMMS) AVHRR Normalized Difference Vegetation Index
(NDVI) data. The LAI from 2001 to 2012 was first derived from the MODIS land surface reflectance
data (MOD09A1) reflectance based on the GLOBCARBON LAI algorithm. For the fusion of MODIS
and AVHRR remotely sensed data, the relationships between GIMMS NDVI and MODIS LAI were
established pixel by pixel over a period (2001–2006) that they overlap. The AVHRR LAI from 1981 to
2000 was then generated using these relationships.

2.1.3. Land-cover Data

Given the lack of land-cover data before 2000, we used land-cover data in 2001 for the entire
period simulations. The MODIS land-cover data at 500-m spatial resolution (MCD12Q1) for 2001
was resampled to 0.0727◦ to drive the TL-LUE model during 1981 and 2012. The International
Geosphere–Biosphere Programme classification system was used in this study, including categories
of evergreen needle-leaf forest (ENF), deciduous coniferous forest (DNF), evergreen broad-leaved
forest (EBF), deciduous broad-leaved forest (DBF), evergreen broad-leaved forest (ENF), deciduous
coniferous forest (DNF), evergreen broad-leaved forest (EBF), mixed forest (MF), sparse shrubland (OS),
dense shrubland (CS), grassland (GRASS), farmland (CROP), and other surface cover types (NOV).

2.1.4. GPP Data

Flux data from 13 available flux tower sites of the ChinaFLUX network were compared with the
simulated GPP. These sites included three broad-leaved forest (BF), two needle-leaved forest (NF),
one MF, one shrubland (Shrub), four GRASS, and two CROP sites, providing a total of 100 site years
(Table 3).
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Table 3. Specifications for the 13 flux tower sites. (BF means broad-leaved forest; CROP means crop;
GRASS means grass; MF means mixed forest; NF means needle-leaved forest; Shrub means shrubland).

Name Latitude (◦) Longitude (◦) Years Vegetation Types

Xishuangbanna (XSBN) 21.95 101.2 2003–2012 BF
Dinghushan (DHS) 23.17 112.53 2003–2011 BF

Ailaoshan (ALS) 24.54 101.03 2009–2011 BF
Luancheng (LC) 37.88 114.68 2009–2012 CROP

Yucheng (YC) 36.83 116.57 2003–2012 CROP
Haibei2 (HB) 37.61 101.33 2003–2012 GRASS

Neimeng (NM) 43.53 116.67 2004–2012 GRASS
Duolun (DL) 42.03 116.28 2010–2012 GRASS

Dangxiong (DX) 30.5 91.07 2004–2011 GRASS
Changbaishan (CBS) 42.4 128.1 2003–2011 MF
Qianyanzhou (QYZ) 26.73 115.07 2003–2012 NF

Huitong (HT) 26.79 109.59 2008–2012 NF
Haibei1 (HBG) 37.67 101.33 2003–2012 Shrub

2.2. Modeling

2.2.1. TL-LUE Model

The TL-LUE model [12] is based on MODIS GPP [40] and the Boreal Ecosystem Productivity
Simulator (BEPS) model [41]. Model validation was performed at both the site [42,43] and the regional
scale [44]. Additional information on the model was introduced in [12,42,43]. The model parameters
used for the TL-LUE models followed Zhou et al. [43].

GPP was calculated with the following Equation (3):

GPP = (εmsu ×APARsu + εmsh ×APARsh) × f (VPD) × f (Tamin) (3)

where εmsu and εmsh are the maximum LUE of sunlit and shaded leaves, respectively; APARsu and
APARsh are the absorbed PAR of sunlit and shaded leaves, respectively; and f (VPD) and f (Tamin) are
stress factors of Vapour Pressure Deficiency (VPD) and air temperature, respectively. APARsu and
APARsh were calculated with the following Equations (4) and (5):

APARsu = (1−α) × [PARdir × cos(β)/ cos(θ) + (PARdif − PARdif,u)/LAI + C] × LAIsu (4)

APARsh = (1−α) × [(PARdif − PARdif, u)/LAI + C] × LAIsh (5)

where α is albedo; PARdif_u is diffuse radiation under the canopy; C is multiple scattered radiation;
β is the leaf angle, which was considered to be 60◦; θ is the solar zenith angle; PARdif and PARdir are
incoming direct and diffuse radiation, respectively (Chen et al., 1999). LAIsu and LAIsh are the LAI of
sunlit and shaded leaves and was calculated with Equations (6) and (7):

LAIsu = 2× cos(θ) × (1− exp(−0 .5LAI/ cos(θ))) (6)

LAIsh = LAI−LAIsu (7)

On the basis of Equations (3)–(5), GPP derived from diffuse radiation can be calculated with the
following Equation (8):

GPPdif =
(
εmsu ×

(
(1−α) × PARdif−PARdif,u

LAI

)
× LAImsu + εmsh ×

(
(1−α) × PARdif−PARdif,u

LAI

)
× LAImsh

)
× f (VPD) × g(Ta min) (8)

where GPPdif and GPPdir are GPP contributed by diffuse and direct radiation, respectively.
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2.2.2. Modeling Scenarios

To quantitatively assess the impacts of variation in Rg and diffuse radiation fractions on GPP,
three simulations were performed (see Supplementary Materials, Table S3).

(i) Scenario 1 (Scenario): Both historical meteorological data with temporal variations and LAI
were used to simulate GPP for the period 1981–2012.

(ii) Scenario 2 (Scenario_Rg): Temporally constant Rg data, other historical meteorological data
with temporal variations, and LAI were used to simulate GPP for the period 1981–2012. The differences
between simulated GPP values in S1 and S2 reflect the effects of change in Rg on GPP simulation.

Based on the assumption that the annual Rg remained unchanged from 1981 to 2012, and the
variation tendency of daily Rg variation to Rg averaged values during 1981–2012 was consistent, daily
radiation for the period 1982–2012 was calibrated using Equation (9):

Rk
(i, j)|m =

365∑
k=1

Rk
(i, j)|year=1981

365∑
k=1

Rk
(i, j)|year=m

×Rk
(i, j)|m m = 1981, 1982, . . . , 2012; k = 1, 2, . . . , 365 (9)

where i and j are the line and row of any given pixel, and Rk
(i, j)|m is the daily Rg of pixel (i, j) on the kth

day of the mth year.
(iii) Scenario 3 (Scenario_Rd): Temporally constant Rd, other historical meteorological data with

temporal variations, and LAI were used to simulate GPP for the period 1981–2012. The difference
between simulated GPP values in S1 and S3 reflect the effects of Rd on GPP simulations.

Based on the assumption that the annual diffuse radiation fraction remained constant from 1981
to 2012, and the variation tendency of daily Rd variation to Rd averaged values during 1981–2012 was
consistent, the daily diffuse radiation fraction for the period 1982–2012 was calibrated using Equation
(10):

f k
di f (i, j)|m =

365∑
k=1

f k
di f (i, j)|year=1981

365∑
k=1

f k
di f (i, j)|year=m

× f k
di f (i, j)|m m = 1981, 1982, . . . , 2012; k = 1, 2, . . . , 365 (10)

where i and j are the row and column of a given pixel, and f k
di f (i, j)|m is the diffuse radiation fraction

in pixel (i, j) for the kth day of the mth year. The diffuse radiation fraction was calculated using
Equation (11):

f dif = Rd/Rg (11)

where f dif is the diffuse radiation fraction, Rd and Rg are diffuse and global radiation, respectively.

3. Results

3.1. Spatiotemporal Distributions of Annual Radiation in China

The spatial distributions of the average annual and standard deviation of Rg, Rd, and diffuse
radiation fraction in China over the period 1981–2012 are shown in Figure 2. The Rg (Figure 2a) was
unevenly distributed across China, with a range of 3255–7154 MJ m−2 y−1 and a national average of
5258 MJ m−2 y−1 (Figure 2a). The standard deviation of Rg ranged from 65 to 359 MJ m−2 y−1 (Figure 2b).
Generally, Rg values on the western plateau were higher than those on the eastern plain. The highest Rg

values were recorded on the southern part of the Qinghai–Tibet Plateau (>6500 MJ m−2 y−1) because of
the thin air density in this region. The northeastern part of the Sichuan Basin and the Yunnan–Guizhou
Plateau had the lowest annual Rg values (<3800 MJ m−2 y−1).
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Figure 2. Spatial distribution of the mean (a) and standard deviation (b) of global radiation (unit:
MJ m−2 y−1), the annual mean (c) and standard deviation (d) of diffuse radiation (unit: MJ m−2 y−1),
and the mean (e) and standard deviation (f) of diffuse radiation fraction in China for the period
1981–2012 with a spatial resolution of 0.0727◦.

Values of Rd (Figure 2c) ranged from 1989 to 3007 MJ m−2 y−1 and showed a national average
of 2483 MJ m−2 y−1, which is close to the value of 2477 MJ m−2 y−1 estimated by Ren et al. [25,30].
The standard deviation range of Rg is 15–101 MJ m−2 y−1 with a national average of 33 MJ m−2 y−1

(Figure 2d). In general, Rd was high in the south and west of China and low in the north. The highest
values of Rd were on the Qinghai–Tibet Plateau and on the southwestern part of the Yunnan–Guizhou
Plateau, with values higher than 2800 MJ m−2 y−1. The lowest values were found for Northeast China,
Inner Mongolia, and Northwest China, with values of less than 2300 MJ m−2 y−1. Values of diffuse
radiation fraction ranged from 0.34 to 0.83 and showed a national average of 0.52 (Figure 2e), and the
diffuse radiation fraction was highest in southern China, especially within the regions of Sichuan
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and Guizhou. The standard deviation of diffuse radiation fraction ranged from 0.007 to 0.043 with a
national average of 0.016 (Figure 2f).

The Rg exhibited broad variability during 1981–2012 but generally showed a significant (p < 0.05)
negative trend of 2.18 MJ m−2 y−1, yielding a rate of decrease of 1.3% y−1 (Figure 3a). Specifically,
Rg decreased markedly and then increased slightly during the interval 1980–1990. During the interval
1991–1993, Rg declined rapidly, possibly because of the volcanic eruption of Mount Pinatubo in 1991.
This volcanic eruption led to the release of about 20 million tonnes of sulfide gas into the stratosphere,
producing a reduction in Rg. The Rg values were gradually restored after 1994 [9,25,30]. Values of Rg

also decreased slightly after 1999, consistent with the findings of Che et al. [22] and Wild et al. [17].
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The simple linear trend in the average annual Rd in China was positive from 1981 to 2012,
although this trend was not significant (Figure 3b). The Rd decreased during the interval 1981–1990
but increased and then decreased rapidly during the interval 1991–1994 because of the eruption of
Mount Pinatubo. From the mid-1990s, Rd increased slightly and then decreased again.

The annual average diffuse radiation fraction in China increased markedly between 1981 and
2012 by 0.0002 y−1 (p < 0.05) (Figure 3c).

The spatial distribution of the variation in annual Rg, Rd, and diffuse radiation fraction in
China over the period 1981–2012 is shown in Figure 4. Decreases in Rg mainly occurred in North
China, Hainan, and on the Qinghai–Tibet Plateau (Figure 4a), which is consistent with the findings of
Tang et al. [45] and Lin et al. [46]. Conversely, Rg increased only over a small part of China during
the period 1981–2012. Generally, the changes in Rg over most parts of China were not significant,
predominantly because China experienced “dimming” prior to 1990, whereas Rg increased slightly
over large parts of China post-1990 [23].

Remote Sens. 2020, 12, x FOR PEER REVIEW 10 of 21 

 

Increases in Rd predominantly occurred over the Qinghai–Tibet Plateau, Shanghai–Hangzhou–
Wuhan region, Guangdong, and Guangxi and its surrounding areas (Figure 4b). Decreases in Rd 
occurred in the northwestern part of Xinjiang, western parts of Inner Mongolia, and Shenyang. The 
national average diffuse radiation fraction increased by 0.2% decade−1 during the period 1981–2012 
(Figure 4c). Initially, the diffuse radiation fraction increased and then decreased during the 1980s. In 
1993, after the eruption of Mount Pinatubo, the diffuse radiation fraction attained its peak during the 
study period, and then quickly returned to its average value. 

 

 
Figure 4. Spatial distribution of the changing rate in annual mean global radiation ((a), unit: MJ m−2 
y−1), diffuse radiation ((b), unit: MJ m−2 y−1), and diffuse radiation fraction (c) in China for the period 
1981–2012 (white areas show no significant trends; α = 0.05) with a spatial resolution of 0.0727°. 

3.2. Spatial Distribution of GPP in China over the Period 1981–2012 

At the site scale, comparison of the simulated GPP values derived from the TL-LUE model 
(GPPTL) versus site flux data-derived GPP showed good agreement (R2 = 0.82; N = 100; p < 0.0001) 
(Figure 5). At the national scale, the average annual GPP value in China was estimated to be 7.64 Pg 
C y−1, which lies within the range of values reported by previous studies (Table 4). Li et al. [47] 
estimated the average annual GPP from 2001 to 2010 as 6.04 Pg C y−1, and the annual mean GPP value 
based on MODIS for China for the same period was estimated as 5.47 Pg C y−1. The GPP estimates 
based on relationships with meteorological data were 6.06 and 7.78 Pg C y−1 during 2001–2010 with 
two spatial resolutions [48]. 

Figure 4. Spatial distribution of the changing rate in annual mean global radiation ((a), unit: MJ m−2 y−1),
diffuse radiation ((b), unit: MJ m−2 y−1), and diffuse radiation fraction (c) in China for the period
1981–2012 (white areas show no significant trends; α = 0.05) with a spatial resolution of 0.0727◦.

Increases in Rd predominantly occurred over the Qinghai–Tibet Plateau, Shanghai–Hangzhou–Wuhan
region, Guangdong, and Guangxi and its surrounding areas (Figure 4b). Decreases in Rd occurred in the
northwestern part of Xinjiang, western parts of Inner Mongolia, and Shenyang. The national average
diffuse radiation fraction increased by 0.2% decade−1 during the period 1981–2012 (Figure 4c). Initially,
the diffuse radiation fraction increased and then decreased during the 1980s. In 1993, after the eruption of
Mount Pinatubo, the diffuse radiation fraction attained its peak during the study period, and then quickly
returned to its average value.
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3.2. Spatial Distribution of GPP in China over the Period 1981–2012

At the site scale, comparison of the simulated GPP values derived from the TL-LUE model (GPPTL)
versus site flux data-derived GPP showed good agreement (R2 = 0.82; N = 100; p < 0.0001) (Figure 5).
At the national scale, the average annual GPP value in China was estimated to be 7.64 Pg C y−1,
which lies within the range of values reported by previous studies (Table 4). Li et al. [47] estimated the
average annual GPP from 2001 to 2010 as 6.04 Pg C y−1, and the annual mean GPP value based on
MODIS for China for the same period was estimated as 5.47 Pg C y−1. The GPP estimates based on
relationships with meteorological data were 6.06 and 7.78 Pg C y−1 during 2001–2010 with two spatial
resolutions [48].Remote Sens. 2020, 12, x FOR PEER REVIEW 11 of 21 
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Figure 5. GPP derived from observations at each of 13 flux tower sites and the GPP values estimated
by the TL-LUE model. BF, broad-leaved forest; MF, mixed forest; NF, needle-leaf forest.

The multi-year mean GPP in China for the period 1981–2012 is shown in Fig. 6a. In the southeastern
and northeastern parts of China, the GPP was higher than 1000 g C m−2 y−1. On the southeastern coast,
Yunnan–Guizhou Plateau, and the southern part of the Qinghai–Tibet Plateau, the GPP was higher
than 2500 g C m−2 y−1. Low values of GPP occurred over desert areas of China and the remaining
parts of the Qinghai–Tibet Plateau. Given the scarcity of vegetation in these areas, their annual GPP
values were less than 50 g C m−2 y−1. The northern Tianshan Mountains showed high GPP values of
up to 1000–2000 g C m−2 y−1. Inner Mongolia and the southeastern part of the Qinghai–Tibet Plateau
formed part of a transition zone to lower values, showing annual GPP values of 200–1000 g C m−2 y−1.
Therefore, the TL-LUE model’s simulation of the average annual distribution of GPP was reasonable
and was largely consistent with previous simulations [44,47]. The standard deviation of GPP during
1981–2012 showed a national average of 75 g C m−2 y−1 with a range of 0–838 g C m−2 y−1 (Figure 6b).
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Remote Sens. 2020, 12, 3355 12 of 21

Table 4. Comparison between gross primary productivity (GPP) of major vegetation types and total annual GPP estimated using TL-LUE and other models (ENF
means evergreen needle-leaved forest; EBF means evergreen broad-leaved forest; DNF means deciduous needle-leaved forest; DBF means deciduous broad-leaved
forest).

Model Types Model ENF EBF DNF DBF MF Shrub GRASS CROP Time Resolution Annual
Total GPP References

TL-LUE 1.210
(±49)

1.720
(±32)

798
(±52)

1.090
(±32)

1.620
(±46)

625
(±42)

210
(±24)

1.308
(±72) 1981–2012 0.0727◦ 7.64

(±0.33)
This

study
TL-LUE 2007–2011 0.0727◦ 7.17 [44]
MODIS 2001–2010 10 km 5.47 [47]
EC-LUE 992 1.430 829 1.083 1.273 244–775 382 948 a 2001–2010 10 km 6.04 [47]

GLOPEM 710 a 1.436 a 734 a 902 a 1.338 a 1.232 a 290 a 744 a 1981–2000 8 km 5.52–6.62 a [49]
LUE model GEOLUE 1.172 a 2.172 a 1.314 a 1.130 a 1.914 a 1.446 a 356 a 724 a 2000–2004 8 km 5.68 a [49]

CASA 928 a 1.122 a 996 a 1.030 a 1.092 a 984 a 490 a 730 a 1982–2003 8 km 5.14–5.92 a [49]
CASA 491 a 836 a 569 a 490 a 592 a 516 a 289 a 853 a 1982–1999 0.1◦ 2.66–3.16 a [50]
CASA 734 a 1.972 a 878 a 1.286 a 735 a 207–1015 a 1.782 a 1989–1993 8 km 6.24 a [51]
BEPS 938 a 1.480 a 844 a 998 a 1.119 a 726 a 245 a 872 a 2001 1 km 4.418 a [52]

Process model TEM 1.246 a 168 a 384–470 a 1993–1996 0.5◦ 7.31 a [53]
CEVSA 716 a 1.436 a 704 a 944 a 1.414 a 1.400 a 416 a 1.154 a 1981–1998 0.5◦ 6.18 a [54]
CEVSA 972 a 1.746 a 690 a 1.248 a 846 a 982 a 696 a 1.212 a 1980–2000 10 km 6.26–7.36 a [49]

GEOPRO 498 a 1.244 a 536 a 632 a 1.250 a 1.122 a 336 a 688 a 2000 4 km 4.84 a [49]
Others Geographical assessment 2001–2010 1 km 7.78 a [48]

Model tree ensemble 2001–2010 0.5◦ 6.06 a [48]

Note: The units for mean GPP and national total GPP are g C m−2 y−1 and Pg C y−1, respectively. a Only data for net primary productivity (NPP) were reported (NPP/GPP = 0.5)
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3.3. Spatial Distribution of Diffuse Radiation Contribution to Terrestrial Ecosystem GPP

The spatial distribution of GPP driven by Rd was consistent with that of GPP driven by Rg

(Figure 7a–b). GPP driven by Rd ranged from 0 to 4348 g C m−2 y−1 with a national average of
586 g C m−2 y−1 and a national average standard deviation of 56 g C m−2 y−1. Figure 7c,d show the
proportion of GPP fixed by Rd to the total GPP and its standard deviation. The proportion of GPP fixed
by Rd to the total GPP ranged from 0.43 to 0.88 with a national average of 0.71, with very low standard
deviation ranging from 0.0007 to 0.12. The highest proportion was in the northern Sichuan Basin and
the northern parts of the Yunnan–Guizhou Plateau, where the diffuse radiation fraction was highest.
Conversely, in most parts of northwestern and northeastern China, the diffuse radiation fraction was
less than 0.5 (Figure 2e), where the proportion of GPP contributed by Rd to GPP derived from Rg was
greater than 0.5, reflecting the higher LUE of Rd.
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Figure 7. Spatial distribution of the annual (a) GPP sequestrated by diffuse radiation (unit: g C m−2 y−1)
and its standard deviation (b), and the ratio of annual mean (c) GPP sequestrated by diffuse radiation
and global radiation and its standard deviation (d) during the period 1981–2012 with a spatial resolution
of 0.0727◦.

3.4. Impact of Radiation Changes on GPP

3.4.1. Simulated Interannual Variability of Total GPP in China

The total amounts of GPP for China during the period 1981–2012 from three simulations are
shown in Figure 8. In S1, the mean annual total GPP for the period 1981–2012 ranged from 7.43 to
8.47 Pg C y−1. The total amount of GPP was lowest in 2000, likely because of the large-scale severe
drought in China at that time. In S2, the multi-year mean annual GPP for the period 1981–2012 was
7.73 Pg C y−1, which was 0.09 Pg C y−1 higher than the average value for S1. The difference in GPP
between S1 and S2 reflects the effects of the 1.3% reduction in Rg, which caused a reduction of 1.7%
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in GPP. In S3, the multi-year mean national total GPP was 7.58 Pg C y−1 for the period 1981–2012,
which was higher than the average value for S1. The difference in GPP between S1 and S3 reflects the
increase in the diffuse radiation fraction over the period 1981–2012, which positively affected GPP in
China and partially compensated for the loss in GPP because of the reduction in Rg.
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Figure 8. Interannual variation in total annual GPP for the period 1981–2012 in China for three
simulations (GPP_Scenario 1; GPP_Scenario 2; and GPPsi GPP_Scenario 3). Scenario 1 assumed that
the global radiation and diffuse radiation ratio changed with time; Scenario 2 assumed that global
radiation remained unchanged from 1981 to 2012; and Scenario 3 assumed that the diffuse radiation
fraction remained unchanged from 1981 to 2012.

3.4.2. Spatial Distribution of Radiation Effects on GPP

The average GPP in the period 1981–2012 simulated in S2 (Figure 9a) and S3 (Figure 9c) were
similar to the distribution for S1 (Figure 6). The difference (Figure 9b) between the multi-year mean
GPP simulated in S1 and S2 showed that any reduction in Rg would result in a reduction in GPP over
most of China. In North China, the decrease in Rg was significant, simultaneously reducing the GPP by
more than 50 g C m−2 y−1. The Rg over Central and Southwest China showed no significant decrease,
but these areas experienced a decrease in GPP that was higher than 50 g C m−2 y−1, which was
predominantly because of the high LAI in these regions (see Supplementary Materials, Figure S5).
Compared with areas with lower LAI, the reduction in Rg substantially reduced GPP for regions with
higher LAI. During the period 1981–2012, the areas that showed the highest GPP increase were along
the southeastern coast, northern Sichuan, as well as northeastern, northern, and some western parts
of Xinjiang.
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Figure 9. Spatial distribution of the mean annual GPP simulated by scenario 2 (a); spatial distribution
of the difference between the mean annual GPP in simulations 1 and 2 (b); spatial distribution of the
annual mean GPP in simulation 3 (c); and spatial distribution of the difference between the mean annual
GPP in simulations 1 and 3 (d) (unit: g C m−2 y−1). Simulation 1 assumed that the global radiation
and diffuse radiation ratio changed with time; simulation 2 assumed that global radiation remained
unchanged from 1981 to 2012; and simulation 3 assumed that the diffuse radiation fraction remained
unchanged from 1981 to 2012 with a spatial resolution of 0.0727◦.

The difference in GPP values between S1 and S3 are shown in Figure 9d. In most regions of China,
the enhanced diffuse radiation fraction led to an increase in GPP, especially in Central China and
Yunnan Province. The significant increase in GPP in Central China mainly resulted from the increase in
Rd. In Yunnan Province, although the increase in diffuse radiation fraction was not significant, the GPP
increased because of the high LAI (see Supplementary Materials, Figure S5). On the Qinghai–Tibet
Plateau, although the diffuse radiation fraction significantly increased, the increase in GPP was not as
strongly significant as that in Central China because of the scarcity of vegetation in the former region.
Similarly, along the southeastern coast, in Xi’an and western parts of Xinjiang, the reduction in diffuse
radiation fraction led to a reduction in GPP.

4. Discussion

In China, annual mean Rd has increased during the past 30 years [25]. An increase in Rd leads
to an increase in canopy LUE because photosynthetic saturation is reduced, thereby enhancing the
ecosystem GPP [3,5]. Therefore, investigating the effect of Rd on GPP is important in studies of the
carbon cycle [5,8,9]. There are many causes of radiation changes, such as changes in the solar constant,
clouds, aerosols, and water vapor [55]. As the world’s largest developing country, rapid economic
development and rapid population growth in China have led to the emission of increasing quantities
of man-made aerosols into the atmosphere. Aerosols can simultaneously change the amounts of direct
and diffuse radiation reaching the surface [56]. Li et al. [57] reported that radiation decreased by about
24.1 W m−2 from September 2004 to September 2005 because of the higher aerosol concentration by
using aerosol observation data from the Xianghe Station in China. In addition, volcanic eruptions can
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also strongly affect global and diffuse radiation [58,59]. Ren et al. [25] observed that the eruption of
Mount Pinatubo in the Philippines in 1991 caused a rapid increase in the amount of diffuse radiation in
China in the early 1990s.

The TL-LUE model, which provides a distinct means to investigate the effects of Rd changes
on GPP, simulates GPP for sunlit (diffuse and direct radiation) and shaded leaves (diffuse radiation)
separately. In the present study, during the period 1981–2012, the average GPP contributed by Rd in
China was 5.69 Pg C y−1, which accounted for 74.48% of the total annual GPP. This finding shows
that the contribution of Rd to GPP in China was greater than that of direct radiation. The higher
contribution of Rd to GPP was largely because of the high fraction of Rd and was also associated with
the higher LUE of Rd. The present results showed that the increase in Rd ratio could compensate for
the reduction in GPP because of the lower photosynthetically effective radiation. These results will
help to quantify the impacts of Rd on GPP and enhance knowledge of the possible causes of carbon
budget variation.

Although the mean annual GPP and the GPP of each vegetation type are comparable to those
reported by many previous studies (Table 4), some marked differences are apparent. The possible
reasons are, first, that model structures are different, not only between process models and LUE
models, but also among various LUE models. Second, the modeling area and period are set differently.
For example, in the Carnegie-Ames-Stanford approach (CASA) (Table 4), Piao et al. [50] estimated
that the total amount of GPP for the period 1982–2009 only varied by 2.66–3.16 Pg C y−1, whereas the
average annual GPP reported by Zhu et al. [51] for 1993 was 6.24 Pg C y−1, in which maximum LUE
was retrieved based on observations at 690 sites. Third, the types of input data used are inconsistent,
covering different time ranges and differing in spatial and temporal resolutions.

Several uncertainties in the present study are acknowledged. First, the Rg of 1981 as a baseline
was used to investigate the effect of Rg and diffuse radiation fraction on GPP in terrestrial ecosystems.
The advantages of this method were that the annual Rg remained unchanged from 1981 to 2012 and
the variation tendency of daily Rg variation to Rg values in 1981 was consistent. However, this method
would result in a degree of uncertainty regarding daily Rg. For example, for a year that included many
cloudy days, the Rg of a sunny day would be overestimated.

Second, the TL-LUE model has been validated worldwide [42–44], showing that the model
performance for GPP simulations is satisfactory. In the present study, we obtained a high R2 (0.82)
value for comparisons between the model-simulated GPP and observed GPP values. However, an
extremely limited number of flux sites in China were used to optimize LUEsun and LUEshaded [43],
which would cause their underestimation for some ecosystems, especially for crops. Compared with
C3 plants, C4 plants photosynthesize by the combination of vascular bundle sheath cells and mesophyll
cells, which have a higher CO2 assimilation rate, resulting in higher LUE [60]. Therefore, the inclusion
of a few sites dominated by C4 plants to parameterize the model would result in underestimation of
LUEsun and LUEshaded used in the model and the subsequent simulation would underestimate GPP
values at some sites in China (Figure 5). Therefore, additional flux tower sites in China should be used
to validate the model in the future.

In addition, underestimation of LAI values would result in underestimation of simulated GPP
values. For example, the LAI values at the GRASS sites used in the present study were significantly
lower than those of the MOD15A2 LAI product (Figure 10), which resulted in underestimation of GPP
values at these sites. The GPP uncertainties caused by LAI uncertainties have been investigated and the
sensitivity of GPP estimates derived from TL-LUE was lower than that of large-leaf LUE models at the
site scale [43]. In the present study, the uncertainties of GPP simulated by the TL-LUE model caused
by LAI uncertainties at the national scale were investigated (Figure 10). Overestimation of LAI by 10%
would result in GPP overestimation by about 1.2–10%, whereas in most areas with higher LAI the
overestimation of GPP was no more than 8%; similarly, underestimation of LAI by 10% would result
in GPP overestimation by a similar magnitude to that mentioned above but in the inverse direction
(Figure 11).
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Figure 10. Comparison of leaf area index (LAI) data used in this study and the MODIS LAI product
(MOD15A2) for grassland sites, as part of the validation process for estimation of GPP (details for each
site were described in Table 3).

Remote Sens. 2020, 12, x FOR PEER REVIEW 17 of 21 

 

duration, omitting many of the drivers of dimming and Rd, which would result in Rd and Rg 
uncertainties, especially in heterogeneous areas. 

Figure 10. Comparison of leaf area index (LAI) data used in this study and the MODIS LAI product 
(MOD15A2) for grassland sites, as part of the validation process for estimation of GPP (details for 
each site were described in Table 3). 

 

 

Haibei Neimeng 

Duolun Dangxion

Figure 11. Uncertainties in GPP simulated by the TL-LUE model caused by LAI uncertainties in China
during the period 1981–2012 (unit: %). (a) Decrease in GPP simulated with the TL-LUE model (GPPTL)
caused by a decrease in LAI by 10%; (b) increase in GPPTL caused by an increase in LAI by 10%;
(c) decrease in GPPTL caused by a decrease in LAI by 20% and (d) increase in GPPTL caused by an
increase in LAI by 20%.

Furthermore, radiation measurements in China are extremely limited, comprising 103 and 81
sites for global radiation and diffuse radiation, respectively; therefore, an interpolation method was
used to infer the national-scale Rg and Rd. The Ångström model is commonly used for radiation
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interpolation [29,30]. Interpolated radiation data are widely used for ecosystem-level simulations
of water and carbon dynamics [44,61]. However, because of the limited available measurements,
national Rg and Rd were interpolated to 500 m based on daily extraterrestrial radiation and sunshine
duration, omitting many of the drivers of dimming and Rd, which would result in Rd and Rg

uncertainties, especially in heterogeneous areas.

5. Conclusions

In this study, we modeled the effects on GPP of solar radiation variation caused by changes
in diffuse radiation in China over the period 1981–2012 using a two-leaf light use efficiency model
(TL-LUE), which was driven by national global radiation in conjunction with other meteorological
data and remotely sensed data. The main findings are as follows:

(i) The annual mean Rg in China significantly decreased over the period 1981–2012 by
2.18 MJ m−2 y−1, whereas the diffuse radiation increased. A significant reduction in Rg and increases
in the diffuse radiation fraction were observed in the Beijing–Tianjin–Hebei region and on the
Qinghai–Tibet Plateau. The annual mean Rd predominantly showed an upward trend over the study
period, especially on the southeastern coast and the Qinghai–Tibet Plateau.

(ii) During the period 1981–2012, the average annual total GPP of China’s terrestrial ecosystems
was 7.64 Pg C y−1, comprising a contribution from Rd of 5.69 Pg C y−1. The total GPP decreased by
0.09 Pg C y−1, although this decrease was partially compensated for by about 50% because of the
increase in Rd. Clearly, the increase in LUE of canopy light associated with Rd partly compensated for
the reduction in total GPP caused by the reduced Rg in China.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/12/20/3355/s1,
Figure S1: Distribution of sunshine duration, diffuse and global radiation station in China. Figure S2: Observed and
interpolated daily global radiation at 12 sites in 2014; Figure S3: Observed and interpolated daily Rd at 12 sites in
2014; Figure S4: Comparisons of estimated Rg and Rd between this study and that of Ren et al. [30]; Figure S5:
Spatial distribution of mean annual LAI in China from 1981 to 2012; Table S1: Proportions of sites distributed in
different aerosol optical depth (AOD) levels. Table S2: Proportions of sites distributed in different AOD levels.
Table S3: Scenario simulations of the impact of radiation change on GPP.
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