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a b s t r a c t
Accurate information on the gross primary production (GPP) of paddy rice cropland is critical for assessing and
monitoring rice growing conditions. The eddy co-variance technique was used to measure net ecosystem exchange (NEE) of CO2 between paddy rice croplands and the atmosphere, and the resultant NEE data then
partitioned into GPP (GPPEC) and ecosystem respiration. In this study, we ﬁrst used the GPPEC data from four
paddy rice ﬂux tower sites in South Korea, Japan and the USA to evaluate the biophysical performance of three
vegetation indices: Normalized Difference Vegetation Index (NDVI); Enhanced Vegetation Index (EVI), and
Land Surface Water Index (LSWI) in terms of phenology (crop growing seasons) and GPPEC, which are derived
from images taken by Moderate Resolution Imaging Spectroradiometer (MODIS) sensors. We also ran the Vegetation Photosynthesis Model (VPM), which is driven by EVI, LSWI, photosynthetically active radiation (PAR) and
air temperature, to estimate GPP over multiple years at these four sites (GPPVPM). The 14 site-years of simulations
show that the seasonal dynamics of GPPVPM successfully tracked the seasonal dynamics of GPPEC (R2 N 0.88 or
higher). The cross-site comparison also shows that GPPVPM agreed reasonably well with the variations of GPPEC
across both years and sites. The simulation results clearly demonstrate the potential of the VPM model and
MODIS images for estimating GPP of paddy rice croplands in the monsoon climates of South Korea and Japan
and the Mediterranean climate in California, USA. The application of VPM to regional simulations in the near future may provide crucial GPP data to support the studies of food security and cropland carbon cycle around the
world.
© 2016 Elsevier Inc. All rights reserved.

1. Introduction
Paddy rice is a very important grain crop, comprising about
163 million ha worldwide in 2014 – an 11% increase over the past ten
years (FAOSTAT, 2015). Asia provides the world's largest rice area and
production, accounting for approximately 88% of the globally harvested
rice area and 91% of the global rice production in 2014 (FAOSTAT, 2015).
Seasonally ﬂooded paddy rice ﬁelds are a major source of methane
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emissions (in the range of 31–112 Tg yr−1), amounting to 12–26% of
the anthropogenic CH4 release (Gutierrez et al., 2013; Ly et al., 2013;
Tokida et al., 2010) and contributing about 11% of the total methane
ﬂux to the atmosphere (Allen et al., 2003; Dentener and Raes, 2002; Li
et al., 2005; Prather and Ehhalt, 2001). Although several in-situ studies
reported that paddy rice ﬁelds had high soil carbon sequestration and
acted as net sinks for CO2 (Bhattacharyya et al., 2014; Kell, 2012; Liu
et al., 2013; Mandal et al., 2007; Pan et al., 2004; Zhang et al., 2014),
there are very limited knowledge and large uncertainty about the
carbon ﬂuxes of paddy rice ﬁelds. Therefore, it is important to measure
and model the carbon ﬂuxes of paddy rice ﬁelds, including the net ecosystem exchange (NEE) of CO2 between paddy rice ﬁelds and the
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atmosphere, gross primary production (GPP), and ecosystem respiration (ER) across the diverse climate, soils and crop production systems.
The eddy covariance (EC) technique has been used to measure the
net ecosystem exchange of CO2 between the land surface and the atmosphere over various biomes, and the observed NEE data then partitioned
into GPP and ER (Baldocchi et al., 2001). The observed NEE data and derived GPP and ER data from CO2 ﬂux tower sites have been widely used
to support model development and satellite remote sensing across local,
regional and global scales (Mahadevan et al., 2008; Running et al., 1999;
Stockli et al., 2008; Williams et al., 2009). Out of hundreds of CO2 eddy
ﬂux tower sites in operation, however, there are only a few CO2 ﬂux
tower sites that measure carbon ﬂuxes over paddy rice ecosystems
(Alberto et al., 2012; Alberto et al., 2009; Baldocchi et al., 2001;
Bhattacharyya et al., 2013; Chen et al., 2015; Hatala et al., 2012;
Hossen et al., 2012; Knox et al., 2015; Matthes et al., 2015; Mizoguchi
et al., 2009; Ono et al., 2015; Ren et al., 2007; Rossini et al., 2010; Saito
et al., 2005; Yang et al., 2016).
Remote sensing provides another viable way to measure the structure and function of terrestrial ecosystems and scale-up carbon ﬂuxes
from local to regional and global scales. A number of light (radiation)
use efﬁciency (LUE) models, sometimes called production efﬁciency
models (PEM), have been developed to estimate GPP of terrestrial ecosystems, driven by vegetation indices (VI) derived from optical images
and climate data (Barton and North, 2001; Brogaard et al., 2005;
Machwitz et al., 2015; Nichol et al., 2000; Seaquist et al., 2003; Yuan
et al., 2007). These models estimate GPP as a product of absorbed photosynthetically active radiation (APAR) and light use efﬁciency (ɛ)
(GPP = APAR × ɛ) and can be divided into two groups depending on
their approaches to estimate APAR (Dong et al., 2015). One group of
LUE models uses the fraction of photosynthetically active radiation
(PAR) absorbed by the vegetation canopy (FPARcanopy) to estimate
APARcanopy (APARcanopy = PAR × FPARcanopy), including the Global Production Efﬁciency Model (GloPEM) (Prince, 1995), Carnegie-AmesStanford Approach (CASA) model (Potter, 1999; Potter et al., 1993),
and Photosynthesis (PSN) model (Running et al., 2000; Zhao et al.,
2005). The other group of LUE models uses the fraction of PAR absorbed
by chlorophyll or green leaves (FPARchl or FPARgreen) to estimate
APARchl (APARchl = PAR × FPARchl) (Gitelson et al., 2006; Sims et al.,
2006; Wu et al., 2010; Xiao et al., 2004b; Zhang et al., 2013; Zhang et
al., 2009; Zhang et al., 2006). The Vegetation Photosynthesis Model
(VPM) is the ﬁrst GPP model that uses FPARchl concept to estimate
APARchl and GPP (Xiao et al., 2004a). The VPM model has been applied
to estimate GPP over a variety of CO2 ﬂux tower sites, including forests
(temperate deciduous broadleaf forest, evergreen coniferous forest, seasonally moist tropical forest) (Xiao et al., 2004a; Xiao et al., 2004b; Xiao
et al., 2005a; Xiao et al., 2005b), savannas(Jin et al., 2013), grasslands (Li
et al., 2007; Wagle et al., 2014; Wu et al., 2008), upland crops (maize,
winter wheat, soybean) (Kalfas et al., 2011; Wang et al., 2010), and
freshwater inland wetlands (Kang et al., 2014b). However, it has not
yet been applied to estimate GPP of paddy rice ﬁelds. Given the important role of paddy rice ﬁelds in food security, climate and hydrology, individual site veriﬁcation of the VPM model is critical prior to its usage at
the regional and global scales.
The objectives of this study are twofold: (1) to evaluate the biophysical performance of vegetation indices in paddy rice ﬁelds, including
Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation
Index (EVI) and Land Surface Water Index (LSWI); and (2) to apply
and assess the VPM estimates of GPP of paddy rice ﬁelds over multiple
years. Based on the availability of in-situ data from CO2 eddy ﬂux
tower sites, we selected two paddy rice sites in South Korea, one site
in Japan, and one site in California, USA. These four sites represent two
different climate systems (monsoon climate in eastern Asia and
Mediterranean climate in California) and cropping practices (single
paddy rice crop, barley-rice double cropping rotation in a year, and a
mix of paddy rice and natural wetlands). The results of this work may
offer signiﬁcant contribution to the improvement of GPP models and
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our long-term capacity for monitoring the paddy rice agriculture that
feeds N50% of the world’s human population.
2. Materials and methods
2.1. Description of the study sites
In this study we selected four paddy rice ﬂux tower sites (Table 1):
Gimje site and KoFlux Haenam site in South Korea, Mase site in Japan,
and the Twitchell Island site in California, USA (Fig. 1). Detailed descriptions of these four sites can be obtained via the websites for AmeriFlux
(http://ameriﬂux-data.lbl.gov:8080/SitePages/siteInfo.aspx?US-Twt)
and AsiaFlux (http://asiaﬂux.net/?page_id=22). The ﬂux footprint analysis of the four ﬂux tower sites can be found in the Supplementary Information SI. Here we provide a brief description of these sites (Table 1).
2.1.1. The Gimje paddy rice site in South Korea (GRK)
The GRK site (35.7451°N, 126.8524°E) is located in the southwestern
coastal zone of South Korea, where barley and paddy rice double
cropping practices are widely distributed. The ﬂux tower's surrounding
area is ﬂat with an elevation of approximately 21 m above sea level; soil
types at the site are silt loam. On average, the annual mean air temperature is 12.9 °C and annual precipitation is 1253 mm. The site rotates
barley and paddy rice each year: barley is planted in late October of
the previous year and harvested in early June, and then rice plants are
transplanted in June and harvested in October(Min et al., 2014; Min et
al., 2013; Shim et al., 2015).
2.1.2. The Haenam paddy rice site in South Korea (HFK)
The HFK site (34.5538°N, 126.5699°E) is located near the southwestern
coastal zone of South Korea, where a variety of land cover types exist,
including rice paddies (Kwon et al., 2010; Kwon et al., 2009). The terrain
is relatively ﬂat with an elevation of 13.7 m above sea level. On average,
the annual mean air temperature is 13.3 °C and annual precipitation is
1306 mm (Ryu et al., 2008). Soil types at the site vary from silt loam to
loam. The site has a two-crop rotation (other crop-rice) in a year. The ﬁelds
are ﬂooded in late May, and rice plants transplanted in early-July and harvested in late-September or early October.
2.1.3. The MASE paddy rice site in Japan (MSE)
The Mase paddy rice site (36.0539°N, 140.0269°E) is located in a
rural area of Tsukuba city in central Japan, about 50-km northeast of
Tokyo (Saito et al., 2005). The climate is warm and humid. The study
site is within irrigated ﬂat rice ﬁelds extending 1.5 km (north-south)
by 1 km (east-west). On average, annual precipitation is approximately
1236 mm, and the annual mean air temperature is 13.5 °C. Local farmers
manage the site as a single-rice cropping paddy ﬁeld; their cropping
practice and calendar is representative of the region. The paddy rice
ﬁeld is plowed and ﬂooded in late April, and rice plant transplanting occurs in early May. Rice plants are harvested in early or mid-September.
2.1.4. The Twitchell island paddy rice site in the USA (TWT)
The Twitchell Island paddy rice site (38.1087°N, 121.6530°W) is
owned and managed by the California Department of Water Resources
and is within the Sacramento-San Joaquin Delta, approximately
100 km inland from the Paciﬁc Ocean (Knox et al., 2015). Between
July 2009 and January 2010, the site was located ~300 m to the South
(38.105530°N, 121.652097°W). The region experiences a Mediterranean
climate. On average, the annual mean air temperature is 15.6 °C, and
annual precipitation is 421 mm. Two varieties of rice were planted
from mid-April to May and harvested between late September and
October or early November (Hatala et al., 2012; Knox et al., 2016; Knox
et al., 2015).
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Table 1
The characteristics of the four rice paddy CO2 eddy ﬂux tower sites (two in South Korea, one in Japan and one in California, USA)
Site name

Country

Latitude (°)

Longitude (°)

Elevation (m)

MAP (mm)

MAT (°C)

Soil type

Data Availability

Gimje
Haenam
Mase

Korea
Korea
Japan

1253
1306
1200

12.9
13.3
13.7

Silt Loam
Silt loam to loam
Grayed lowland paddy soil

U.S.A.

126.8524
126.5699
140.0269
−121.652097
−121.6530

21
13.74
13

Twitchell Island

35.7451
34.5538
36.0539
38.10553
38.1055

−5

421

15.6

Degraded peat silt loam

2013
2008–2011
2003–2005
2009–2010
2011–2014

MAP: mean annual precipitation; MAT: mean annual temperature.

2.2. CO2 ﬂux and climate data from the ﬂux tower sites
2.2.1. The MASE ﬂux tower site in Japan
Open-path eddy covariance sensors were used to measure CO2 ﬂux
at the ﬂux tower site. Detailed descriptions of the ﬂux tower settings
are described in a previous study (Saito et al., 2005). Net ecosystem exchange (NEE) of CO2 between paddy rice ﬁelds and the atmosphere was
partitioned into ecosystem respiration (ER) and GPP (Saito et al., 2005).
This partitioning uses a conventional method that estimates nighttime
ER (nighttime NEE) as an exponential function of air temperature and
applies this function to the daytime to estimate daytime ER; GPP is
then calculated as the difference between NEE and ER (Saito et al.,
2005). The half-hourly CO2 ﬂux data were aggregated to daily sum of
GPP, ER and NEE (g C/m2/day). Daily carbon ﬂux data, PAR data
(mol PPFD/m2/day) and air temperature data (°C) were averaged over
an 8-day period (following the MODIS 8-day composites). We used
daily and 8-day data from 2003 to 2005 within the plant growing season
in this study.
2.2.2. The Gimje site in South Korea
An open-path eddy covariance system was used to measure CO2
ﬂuxes at this site. Detailed information on ﬂux measurements can be
found in Min et al. (2013)(Min et al., 2013). GPP and ER were estimated
in the same way as in the Mase site in Japan (Min et al., 2014; Min et al.,

2013). Daily GPP, NEE and climate (air temperature and PAR) data from
2013 were averaged over an 8-day period, consistent with MODIS 8-day
composite images. We used daily and 8-day data in 2013 within the
plant growing season in this study.
2.2.3. The Haenam site in South Korea
An open-path eddy covariance system was used to measure CO2
ﬂux. The detailed information for ﬂux measurements, data processing,
quality control, and gap-ﬁlling has been reported in previous publications (Hong et al., 2009; Kang et al., 2014a; Kwon et al., 2010). The missing CO2 ﬂuxes were estimated using the marginal distribution sampling
method (MDS) (Reichstein et al., 2005). For partitioning of NEE ﬂux into
gross primary productivity (GPP) and ecosystem respiration (ER), we
extrapolated nighttime values of ER into the daytime values using the
ER equation (Lloyd and Taylor, 1994) with a short-term temperature
sensitivity of ER from the nighttime data (Reichstein et al., 2005).
Daily GPP, NEE and climate data from 2008 to 2011 were averaged
over an 8-day period, consistent with MODIS 8-day composite images.
We use daily and 8-day data in 2008–2011 within the plant growing
seasons in this study.
2.2.4. The Twitchell island ﬂux tower in USA
An open-path eddy covariance sensor was used to measure CO2
ﬂuxes at the ﬂux tower site. The ﬂux tower data were downloaded

Fig. 1. The landscapes surrounding the locations of the four rice paddy CO2 eddy ﬂux tower sites (red dots) within a MODIS pixel at the 500 m spatial resolution (red box). (a) Gimje site,
South Korea; (b) Haenam site, South Korea; (c) Mase site, Japan; (d) Twitchell Island site, USA. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the
web version of this article.)
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from the AmeriFlux web site (http://ameriﬂux.ornl.gov/). Half-hourly
ﬂuxes were gap-ﬁlled using an artiﬁcial neural network (ANN) method
as described in Knox et al. (2016). CO2 ﬂuxes were gap-ﬁlled separately
for daytime and nighttime observations. Predictions from the ANN
resulting from the nighttime gap-ﬁling were used to model ER for all
data (daytime and nighttime values) and GPP was calculated by
subtracting gap-ﬁlled NEE from modeled ER (Baldocchi et al., 2015;
Knox et al., 2016). Daily GPP, NEE and climate data from 2009 to 2014
were averaged over an 8-day period, consistent with MODIS 8-day composite images. We use daily and 8-day data in 2009–2014 within the
plant growing seasons in this study.
2.3. MODIS imagery and vegetation indices
The MODIS sensor onboard the NASA Terra satellite was launched in
December 1999. Out of the 36 spectral bands in the MODIS sensor,
seven spectral bands are designed primarily for the study of vegetation
and land surface: blue (459–479 nm), green (545–565 nm), red (620–
670 nm), near infrared (841–875 m, 1230–1250 nm), and shortwave
infrared (1628–1652 nm, 2105–2155 nm). The MODIS sensor acquires
daily images at a spatial resolution of 250 m for red and near infrared
bands and at a spatial resolution of 500 m for blue, green, near infrared
and shortwave infrared bands. The MODIS Land Science Team provides
the 8-day Land Surface Reﬂectance product (MOD09A1) at a 500-m
spatial resolution to the public.
Based on the geo-location information (latitude and longitude) of
individual CO2 ﬂux tower sites, time series data of land surface reﬂectance and quality ﬂags in the MOD09A1 ﬁles were extracted from one
MODIS pixel where the ﬂux towers are geo-located. The footprint size
of a CO2 ﬂux tower is often comparable with the spatial resolution
(500-m) of a MODIS pixel. Bad-quality observations were gap-ﬁlled
using the three-step procedure (Jin et al., 2013). The three vegetation
indices were calculated by using 8-day composite surface reﬂectance
data from the blue, green, red, NIR1, and SWIR1 bands (Eq. (1)–(3)):
(1) Normalized Difference Vegetation Index (NDVI; (Tucker, 1979)),
(2) Enhanced Vegetation Index (EVI; (Huete et al., 2002; Huete et al.,
1997)), and (3) Land Surface Water Index (LSWI; (Xiao et al., 2002)).
NDVI ¼

ρNIR −ρRed
ρNIR þ ρRed

EVI ¼ 2:5 
LSWI ¼

ρNIR −ρRed
ρNIR þ 6  ρRed −7:5  ρBlue þ 1

ρNIR −ρSWIR
ρNIR þ ρSWIR

ð1Þ
ð2Þ
ð3Þ

coefﬁcient α is set to be 1.0 (Xiao et al., 2004a; Xiao et al., 2004b;
Zhang et al., 2016):
FPARchl ¼ α  EVI

Building upon the concept that a vegetation canopy is composed of
chlorophyll (chl) and non-photosynthetic vegetation (NPV) that
includes the materials at both canopy-level (e.g., stem, branch,
senescent leaves) and leaf-level (e.g., cell walls, vein, and other
pigments), the VPM model was developed to estimate gross primary
production over the photosynthetically active period of vegetation as
the product of (1) amount of photosynthetically active radiation
(PAR) absorbed by chlorophyll (APARchl = FPARchl × PAR) and light
use efﬁciency (Xiao et al., 2004a). The VPM is described as the following:
GPP ¼ εg  FPARchl  PAR

ð4Þ

where εg parameter is the light use efﬁciency for gross primary production (μmol CO2/μmol PPFD), and PAR is the photosynthetically active
radiation (μmol photosynthetic photon ﬂux density, PPFD). FPARchl
within the photosynthetically active period of vegetation is estimated
as a linear function of Enhanced Vegetation Index (EVI), and the

ð5Þ

Light use efﬁciency (εg) is affected by temperature and water and
can be expressed as:
εg ¼ ε0  Tscalar  Wscalar

ð6Þ

where ε0 is the apparent quantum yield or maximum light use efﬁciency (μmol CO2/μmol PPFD, or g C/mol PPFD), and Tscalar and Wscalar are the
scalars for the effects of temperature and water on light use efﬁciency of
vegetation, respectively. Ecosystem-level ε0 values can be obtained
from analysis of net ecosystem exchange (NEE) of CO2 and incident
PAR (μmol/m2/s) at CO2 eddy ﬂux tower sites, either by using the hyperbolic light response function (Goulden et al., 1997) or from the literature. In this study, the ecosystem-level ε0 value was set to be
0.6 g C/mol PPFD (0.05 mol CO2/mol PPFD) based on analyses of halfhourly NEE and incident PAR data at the Mase site, Japan, during the
peak growing season; this value is smaller than those based on GPP
and absorbed PAR by rice plant canopy (Saito et al., 2005).The effect of
temperature on photosynthesis (Tscalar) is estimated at each time step
using the equation developed for the Terrestrial Ecosystem Model
(Raich et al., 1991):
Tscalar ¼

ðT−Tmin ÞðT−Tmax Þ
½ðT−Tmin ÞðT−Tmax Þ− T−Topt

2

ð7Þ

Tmax and Topt are minimum, maximum and optimal temperature for
photosynthetic activities, respectively. In this study, the Tmin and Tmax of
all the sites were set to be 0 °C (cold damage to plants) and 48 °C (heat
damage to plants), following the parameters for a grassland biome in
the Terrestrial Ecosystem Model (Zhang et al., 2016). A recent literature
review paper highlights the temperature acclimation and adaptation of
photosynthesis for C3 and C4 plants (Yamori et al., 2014). In this study,
we investigated the relationship between air temperature and vegetation indices and gross primary production and then selected site-speciﬁc
Topt parameter values for each of the rice ﬂux tower sites. According to
the results from such analyses of these three variables, Topt value was
approximately ~25 °C at the two South Korea sites, ~20 °C at the Japan
site, and ~18 °C at the USA site (see the Results section for more details).
Wscalar, the effect of water on plant photosynthesis, was estimated
using satellite-derived Land Surface Water Index (LSWI):
Wscalar ¼

2.4. The Vegetation Photosynthesis Model (VPM)
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1 þ LSWI
1 þ LSWImax

ð8Þ

where LSWImax is the maximum LSWI during the growing season for individual pixels based on the analysis of LSWI seasonal dynamics derived
from MODIS image data. The maximum LSWI value within the plant
growing season was used as an approximation of LSWImax.
3. Results
3.1. Key rice crop phenological characteristics from seasonal dynamics of
climate, vegetation indices, and gross primary production
Fig. 2 shows a comparison of air temperature and PAR across the four
sites over several years. The seasonal dynamics of PAR among the four
sites are similar with the highest values in mid-summer, except for
the KoFlux Haenam site, which experienced frequent cloud cover in
summer (Kang et al., 2009; Kwon et al., 2010). The seasonal dynamics
of air temperature among the four sites are also similar with the highest
values in mid-summer. The plant growing season of paddy rice starts
when daily mean temperature reaches 10 °C and above.
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Fig. 2. Seasonal dynamics of photosynthetically active radiation (PAR), air temperature (Tair), estimated GPP (GPPEC) from ﬂux measurements at the four rice paddy CO2 eddy ﬂux tower
sites. (a) Gimje site, South Korea, 2013; (b) Haenam site, South Korea, 2008–2011; (c) Mase site, Japan, 2003–2005; (d) Twitchell Island site, California, USA, 2009–2014.

Fig. 3 also shows a comparison of GPP among the four sites over
years. At the Gimje site and Haenam site in South Korea, rice GPPEC
started to increase rapidly in mid-June (1 g C m−2 day−1 or higher),
reached its peak in mid-August, and declined to below 1 g

C m−2 day−1 by late October. The carbon uptake period (CUP) of rice
paddy as deﬁned by GPPEC N 1 g C m − 2 day−1 ranges from mid-June
to late October. At the Mase site in Japan, farmers transplanted rice
plant seedlings in early May and harvested in mid-September. GPPEC

Fig. 3. Seasonal dynamics of estimated GPP (GPPEC) from ﬂux measurements at the four rice paddy CO2 eddy ﬂux tower sites. (a) Gimje site, South Korea, 2013; (b) Haenam site, South
Korea, 2008–2011; (c) Mase site, Japan, 2003–2005; (d) Twitchell Island site, California, USA. 2009–2014.
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increasedslowlyrightafterriceplanttransplanting(GPPEC N 1gCm−2 day−1),
reached its peak in late July-early August, and approached zero by September. The carbon uptake period, as delineated by seasonal GPPEC ,
occurs from early May to September. At the Twitchell Island site,
GPPEC (N 1 g C m− 2 day − 1 ) started to increase in May, reached its
peak value in August, and decreased to almost zero by late October
until harvest. The carbon uptake period as delineated by seasonal
GPPEC, occurs from May to October. The daily maximum GPPEC in a
year among these four sites (14 site-years) varied between 10 and
20 g C m− 2 day− 1 (Fig. 3).
Fig. 4 shows a comparison of the three vegetation indices (NDVI, EVI
and LSWI) among the four sites. At the Gimje site, following the harvest
of barley in May, the ﬁeld was ﬂooded and transplanted with rice plants.
NDVI and EVI rose rapidly in mid-June, corresponding well with the
rapid rise of GPPEC (Fig. 4a). By late October, NDVI, EVI and LSWI
reached b0.4, b0.2 and b0.1, respectively, corresponding well with the
harvest of paddy rice. Because of the planting and growing of barley
(winter/spring crop), both NDVI and EVI increased slightly in November
(Fig. 4a). At the Haenam site, NDVI, EVI and LSWI rose rapidly in midJune and reached b 0.4, b 0.2, and b0.0, respectively, by late October. At
the Mase site, NDVI, EVI and LSWI all rose rapidly in late April and
dropped to b 0.4, b0.2 and b 0.0 by September. At the Twitchell Island
site, NDVI, EVI and LSWI rose rapidly in June and dropped to b 0.4,
b0.2 and b0.0 by October. Among the four sites (14-site-years), the
crop growing seasons for rice plants as deﬁned by the seasonal dynamics of vegetation indices are consistent with the GPPEC-based carbon uptake period.
3.2. Temporal correlations between GPPEC, vegetation indices, and air
temperature
The relationships between vegetation indices (NDVI and EVI) and
GPPEC during the crop growth seasons were plotted for the four sites
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(Fig. 5). Simple linear regression analyses show that GPPEC has strong
linear relationships with both NDVI and EVI; for example, NDVI
accounted for 87% of the variance in GPPEC at the Gimje site, 83% at
the Haenam site, 75% at the Mase site and 61% at the Twitchell Island
site (Fig. 5).
We investigated the relationship between GPPEC and daily mean air
temperature (Fig. 6). Rice crops grow well within a daily mean temperature range of 10 to 30 °C. For the three sites in South Korea and Japan,
GPPEC increased as temperature rose. For the Twitchell Island site, GPPEC
also increased as temperature rose but reached a plateau at approximately 18 °C. This may be related to the Mediterranean climate in
California and that cold weather rice cultivars were planted in these
years at the site (see (Knox et al., 2016)). At the Mase site, GPPEC started
to reach a plateau at ~ 20 °C (Fig. 6c), and at the Haenam site, GPPEC
started to reach a plateau at ~25 °C (Fig. 6b). Based on the canopy physiological analyses of GPPEC and daily mean air temperature at these
three sites, these 18, 20, and 25 °C values were then used as the Topt
value in the VPM model for the USA, Japan and Korea sites (Table 2).
These site-speciﬁc variable Topt values are smaller than the biome-speciﬁc Topt values (e.g., 27 °C for grasslands and 30 °C for croplands)
used in the models (see Table A1 in (Zhang et al., 2016)), and may be related to the acclimation and adaptation of paddy rice to the local thermal environment.
We also investigated the relationship between vegetation indices
(NDVI and EVI) and daily mean air temperature (Fig. 7). For the three
sites in South Korea and Japan, NDVI and EVI increased as temperature
rose. For the Twitchell Island site, NDVI and EVI increased as temperature rose, but clearly reached a peak (plateau) point at approximately
18 °C (Fig. 7d). NDVI and EVI values started to peak at ~ 20 °C at the
Mase site (Fig. 7c) and at 25 °C at the Haenam site (Fig. 7b). The results
from the canopy structure analysis (vegetation index – temperature;
Fig. 7) at individual sites seems to agree with the results from the canopy physiological analysis (GPP – temperature; Fig. 6) in terms of the

Fig. 4. Seasonal dynamics of three MODIS-derived vegetation indices (NDVI, EVI, and LSWI) at the four rice paddy CO2 eddy ﬂux tower sites. a) Gimje site, South Korea, 2013; (b) Haenam
site, South Korea, 2008–2011; (c) Mase site, Japan, 2003–2005; (d) Twitchell Island site, California, USA, 2009–2014.
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Fig. 5. Relationships between two vegetation indices (NDVI, EVI) and estimated GPP from the ﬂux tower data (GPPEC) during the growing season. (a) and (b) Gimje site, South Korea, 2013;
(c) and (d) Haenam site, South Korea, 2008–2011; (e) and (f) Mase site, Japan, 2003–2005; (g) and (h) Twitchell Island site, USA, 2009–2014.

Fig. 6. Relationships between eddy ﬂux measurements estimated GPP (GPPEC) and daily air temperature (Tair) during growing seasons at the four rice paddy CO2 eddy ﬂux tower sites. (a)
Gimje site, South Korea, 2013; (b) Haenam site, South Korea, 2008–2011; (c) Mase site, Japan, 2003–2005; (d) Twitchell Island site, USA, 2009–2014.
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Table 2
Parameter values used in the VPM simulations for the four rice sites.
Site/parameter

LUEmax(g C/mol Tmina(°C) Topta(°C) Tmaxa(°C) LSWImax
PPFD)

Mase, Japan
Gimje, Korea
Haenam, Korea
Twitchell
Island, U.S.A

0.6
0.6
0.6
0.6

0
0
0
0

20
25
25
18

48
48
48
48

0.4440
0.3390
0.3690
0.4065

a
(Raich et al., 1991; Salvucci et al., 2001; Yamori et al., 2014; Zhang et al., 2016) for
Tmin, Tmax, Topt respectively.

temperature value at which both GPP and vegetation indices reached
certain peak (plateau) values in response to daily mean air temperature
during plant growing season. In this study, we introduced the idea of
site-speciﬁc Topt and assumed that the temperature at the beginning
of the plateau in the relationship between GPPEC – temperature would
correspond to the optimal temperature values for canopy physiology
such as photosynthesis (Table 2), which were used in the VPM simulations (see Section 3.3 for more details). The observed consistency
between GPP-Temperature and VI-Temperature allows us to use the
VI-Temperature curves to estimate Topt at a site where there is no GPP
data. While this approach needs further evaluation at different sites
and biomes, it opens a window of opportunity to new ways of estimating site-speciﬁc Topt that could potentially replace biome-speciﬁc Topt
values in models.
3.3. Seasonal dynamics of GPP as predicted by the VPM model (GPPVPM)
The seasonal dynamics of GPP predicted by VPM (GPPVPM) were
plotted against the seasonal dynamics of GPPEC derived from individual
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ﬂux tower sites (14 site-years) (Fig. 8). At the Gimje site in South Korea,
GPPVPM rose rapidly in June, reached its peak in August and dropped to
b1 g C m−2 day−1 by late October, which clearly tracks well the seasonal
dynamics of GPPEC. At the Haenam site, GPPVPM in 2008–2009
overestimated GPPEC for August–September. At the Mase site in Japan,
GPPVPM tracked well both seasonal dynamics and interannual variation
of GPPEC across 2003–2005. Relatively moderate differences occurred
at the early part of the growing season and the post-harvest period,
which could be related to other vegetation types within the 500-m
MODIS pixel (Fig. 1). At the Twitchell Island site, GPPVPM in 2009 and
2010 agreed well with GPPEC in terms of seasonal maximum GPP.
Daily maximum GPPVPM values were much higher than GPPEC in
2011–2012, but only slightly higher than GPPEC in 2013–2014 (Fig.
8d). Among the four sites, the agreement in the seasonal dynamics between GPPVPM and GPPEC was lowest at the Twitchell Island site, mostly
attributable to the differences in 2011–2012.
The scatterplots of GPPVPM and GPPEC over the crop growing seasons
show strong linear correlations between GPPVPM and GPPEC among the
four paddy rice sites (Fig. 9). The slopes of the linear regression models
for GPPVPM and GPPEC indicate a range of error (overestimation) from 1%
at the Mase site, to 2% at the Gimje site, 12% at the Twitchell Island site,
and 16% at the Haenam site. The correlation coefﬁcient at Twitchell is
the lowest among the four sites, and the Twitchell Island site has the
largest interannual variation of root mean square error (RMSE) (Fig. 9).
The seasonal sums of GPP at the four sites are controlled by (1) phenology, which can be described by the carbon uptake period (CUP), and
(2) plant physiology, which can be described by the maximum daily
GPP (GPPmax) within the carbon uptake period (Churkina et al., 2005;
Xia et al., 2015). Following the methods reported in a previous study
(Xia et al., 2015), we obtained the CUP (number of days with
GPP N 1 g C m−2 day−1) and GPPmax for individual site-years, and calculated the seasonal sum of GPP (GPPsum) and the product of CUP and

Fig. 7. Scatter plots between air temperature and the vegetation indices (EVI and NDVI) during growing seasons at the four rice paddy CO2 eddy ﬂux tower sites. (a) Gimje site, South Korea,
2013; (b) Haenam site, South Korea, 2008–2011; (c) Mase site, Japan, 2003–2005; (d) Twitchell Island site, USA, 2009–2014.
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Fig. 8. Seasonal dynamics of predicted and estimated GPP (GPPVPM and GPPEC) at the four rice paddy CO2 eddy ﬂux tower sites. (a) Gimje site, South Korea, 2013; (b) Haenam site, South
Korea, 2008–2011; (c) Mase site, Japan, 2003–2005; (d) Twitchell Island site, USA, 2009–2014.

Fig. 9. The comparison between predicted and estimated GPP (GPPVPM and GPPEC) during growing seasons at the four rice paddy CO2 eddy ﬂux tower sites. (a) Gimje site, South Korea,
2013; (b) Haenam site, Korea, 2008–2011; (c) Mase site, Japan, 2003–2005; (d) Twitchell Island site, USA, 2009–2014. We also report linear regression models with an intercept: (1) Gimje
site, GPPVPM = 0.92 ∗ GPPEC + 0.93, R2 = 0.90, N = 17; (2) Haenam site, GPPVPM = 1.13 ∗ GPPEC + 0.23, R2 = 0.85, N = 17; (3) Mase site, GPPVPM = 0.82 ∗ GPPEC + 1.68, R2 = 0.84, N = 17;
(4) Twitchell site, GPPVPM = 0.66 ∗ GPPEC + 4.97, R2 = 0.56, N = 17(see Supplementary Fig. S3).
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Fig. 10. Joint control of the seasonal sum of GPP by phenology (carbon uptake period, CUP; days) and physiology (maximum daily GPP, GPPmax) at the four rice paddy CO2 eddy ﬂux tower
sites. We also report linear regression models with an intercept: (1) for GPPEC, GPPsum = 0.41 ∗ CUP ∗ GPPmax + 276.31, R2 = 0.87, N = 14; (2) for GPPVPM, GPPsum =
0.54 ∗ CUP ∗ GPPmax + 121.27, R2 = 0.66, N = 14 (see Supplementary Fig. S4).

GPPmax for both GPPEC and GPPVPM at the four sites (14 site-years). As
shown in Fig. 10, the seasonal sum of GPP (GPPsum) had strong linear relationships with the product of CUP and GPPmax for all the paddy rice
site-years. CUP × GPPmax explained approximately 99% and 97% of the
spatiotemporal variability of GPP at the four sites, respectively. The
slope values between GPPsum and the product of CUP × GPPmax are
0.524 for GPPEC and 0.593 for GPPVPM, very similar values. The results
suggest that both plant phenology and physiology interact to jointly
control the gross primary production of paddy rice ﬁelds.
4. Discussion
4.1. Biophysical performance of vegetation indices in paddy rice ﬁelds
The biophysical performance of greenness-related vegetation indices (NDVI and EVI) can be evaluated by examining the relationships between vegetation indices and GPP during the plant growing seasons at
the CO2 eddy ﬂux tower sites. The results from a number of previous
studies showed that EVI has stronger linear relationship with GPP
than does NDVI in forests (Xiao et al., 2004a; Xiao et al., 2004b; Xiao
et al., 2005a), upland crops (winter wheat, corn, and soybean) (Kalfas
et al., 2011; Wagle et al., 2015; Yan et al., 2009), grasslands (Li et al.,
2007), and inland freshwater wetlands (Kang et al., 2014b). However,
in this study of four paddy rice ﬁelds, which are often considered
man-made freshwater wetlands and crops, the regression model analyses between vegetation indices and GPPEC showed that both NDVI and
EVI have similar linear relationships with the seasonal dynamics of

GPPEC (Fig. 5). One reason might be that NDVI in these four paddy rice
sites does not yet experience a saturation problem, as most of NDVI
values in those site-years are 0.8 or lower. The second reason might
be that paddy rice ﬁelds have a layer of water, and the lack of exposed
soil prevents such an effect on surface reﬂectance for both NDVI and
EVI. The results from these four paddy rice sites clearly call for additional
data collection and analysis of GPP and vegetation indices in other
paddy rice ﬂux tower sites (Alberto et al., 2015; Bhattacharyya et al.,
2013) in the near future.
It has been shown that NDVI and EVI track well the phenological
changes of rice crops over time (Boschetti et al., 2009; Kim and Yeom,
2015; Li et al., 2014; Motohka et al., 2009; Singh et al., 2006). Our results
from the four paddy rice sites also show that plant growing seasons as
delineated by NDVI and EVI correspond well with the carbon uptake period (CUP) as delineated by GPPEC, which suggests consistency in tracking land surface phenology between the remote sensing approach that
uses vegetation indices and the ecosystem physiology approach that
uses CO2 ﬂux data (Xiao et al., 2009). In addition to NDVI and EVI that
use visible and near infrared bands, other recent research indicates
that NIR/SWIR-based vegetation indices (LSWI) also have strong potential for tracking seasonal dynamics of vegetation canopy (Kalfas et al.,
2011; Singh et al., 2006; Xiao et al., 2002). In those studies, LSWI b0.0
was used as a threshold value to identify late stage senescence or harvest phases. As shown in Fig. 4, such simple algorithms seem to work
well in identifying the harvest phase at the Mase site, Haenam site,
and the Twitchell Island site, but fails to work at the Gimje sites,
where barley crop was cultivated right after the harvest of paddy rice
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Fig. 11. A comparison of seasonal GPP estimated and predicted from rice paddy CO2 eddy ﬂux tower, VPM model, and MODIS global GPP data product (GPPEC, GPPVPM and GPPMOD17A2) at
the rice paddy CO2 eddy tower sites. (a) Gimje site, South Korea, 2013; (b) Haenam site, South Korea, 2008–2011; (c) Twitchell Island, U.S.A., 2009–2014.

and green-up of those barley crops in the winter season may keep
LSWI N 0 (Fig. 4). Therefore, further improvement of the LSWI-based
phenology algorithm is needed in the near future.

scale, and that additional evaluation should be done of other paddy
rice ﬂux tower sites and additional years for a more comprehensive
comparison of GPPEC, GPPVPM and GPPMOD17A2.

4.2. A comparison between GPPEC, GPPVPM and GPP from the MOD17A2 data product

4.3. Sources of error and uncertainty in VPM simulations of GPP of paddy
rice cropland

A number of light (radiation) use efﬁciency models have been developed to estimate GPP of terrestrial biomes (Brogaard et al., 2005;
Flanagan et al., 2015; He et al., 2013; Ma et al., 2014; Wang et al.,
2009; Wu et al., 2012). The MODIS Land Science Team has developed
the PSN model and applied it to generate the global GPP data product,
namely the Terra/MODIS Gross Primary Productivity (GPP) project
(MOD17A2), which is an 8-day composite at a 1-km spatial resolution
(Running et al., 2004; Zhao et al., 2006; Zhao et al., 2005). The
MOD17A2 product has been applied in many studies of forests, grasslands, and crops (Chen et al., 2014; Christian et al., 2015; Li et al.,
2016; Propastin et al., 2012; Tang et al., 2015a; Tang et al., 2015b;
Zhao et al., 2006; Zhao and Running, 2010). Recently, a few studies
have shown that GPP from the MOD17A2 product underestimates
GPPEC (Gitelson et al., 2014; He et al., 2013; Sims et al., 2008; Sjöström
et al., 2013). We downloaded the 8-day GPPMOD17A2 data (Collection
5) for the Gimje, Haenam and Twitchell Island sites and note that no
GPP data are available for the Mase site from the GPPMOD17A2 dataset.
Fig. 11 shows a comparison of GPPEC, GPPVPM and GPPMOD17A2 at the
three paddy rice sites. GPPMOD17A2 was substantially lower than GPPEC
and GPPVPM at the three sites during the plant growing season
(Fig. 11). Previous studies also reported that GPPMOD17A2 was substantially lower than GPPEC and GPPVPM at savanna and natural wetland
sites (Jin et al., 2013; Kang et al., 2014b). The substantial underestimation in GPPMOD17A2, relative to GPPEC and GPPVPM, may be attributed to
(1) climate data, and (2) the light use efﬁciency parameter in the
model. First, it is well known that climate data determine the seasonality of ecosystem productivity and inﬂuence uncertainty of GPP model
(Barman et al., 2014; He et al., 2014; Jung et al., 2007; Li et al., 2015;
Yuan et al., 2015). There is a possibility that climate data from the global
climate dataset, used in the MOD17A2 product, do not match local climate data. Secondly, the light use efﬁciency parameter is a key parameter in LUE models. There is large uncertainty in estimating the LUE
model's maximum light use efﬁciency (ε0) parameter, which often
varies among models and biome type. In the MOD17A2 data product,
the PSN model uses 0.317 g C/mol PPFD−1 (0.604 g C MJ−1) as its ε0 parameter for both croplands and grasslands (see the User's Guide GPP
and NPP (MOD17A2/A3) Products, NASA MODIS Land Algorithm). The
ε0 parameter value is the largest uncertainty source of GPPMOD17A2. In
this study we used a ε0 parameter value of 0.6 g C/mol PPFD− 1 for
VPM simulations of paddy rice. The comparison between GPPMOD17A2
and GPPVPM suggests that additional caution should be taken when
using the MOD17A2 product to estimate paddy rice GPP at a regional

The results of this study show that the seasonal dynamics of GPPVPM
agree reasonably well with GPPEC (Figs. 8 and 9) at the four paddy rice
sites (14 site-years), but yielded moderate overestimates at the KoFlux
Haenam site (2008–2011) in South Korea and the Twitchell Island site
(2011–2014) in California, USA. The moderate overestimates of GPPVPM
at the KoFlux Haenam site may be due to the other crops surrounding
the rice ﬁeld, especially in 2009. The overestimates of GPPVPM at the
Twitchell Island site could be explained in part by the spatial heterogeneity within the MODIS pixel (see Fig. 1d), with its mix of paddy rice,
natural peatland pastures and other upland crops. Paddy rice cultivation
was only recently introduced onto Twitchell Island as an agricultural
land use to increase carbon storage in the island. The impact of spatial
heterogeneity within the MODIS pixels on the comparison between
predicted GPP and estimated GPPEC was also evaluated in other studies
(Gelybo et al., 2013).
There are a few other error sources relevant to the VPM simulations.
The ﬁrst is the uncertainty of climate data sets such as PAR (Cai et al.,
2014; Cheng et al., 2014; He et al., 2014; Ren et al., 2013). The second
is the uncertainty of time series vegetation indices derived from various
spectral bands, which are affected by many factors such as sun-sensorobject geometry, cloud, cloud shadow, and other atmospheric condition
such as aerosols. How to gap-ﬁll and reconstruct vegetation index time
series data remains a highly debated research topic. The third lies in the
estimation of key parameters in LUE models such as the maximum LUE
parameter. It is known and widely assumed that the maximum LUE
values at the ecosystem level vary with vegetation types and may
even change between different regions of the same ecosystem type
(Xiao et al., 2011). In addition, the various estimation methods for the
maximum LUE parameter could inﬂuence GPP simulations (Sanchez
et al., 2015). Two previous in-situ studies estimated maximum LUE in
predicting rice yield in Philippine, Italian and Texas, and the resultant
maximum LUE parameter varied in the range of 0.977–2.442 g C/mol
PPFD−1(2–5 g C MJ−1) (Campbell et al., 2001; Kiniry et al., 2001). Another previous study also used a LUE model to estimate rice production
in Italy (Boschetti et al., 2011), and the ε0 parameter value was set to be
1.416 g C/mol PPFD−1 (2.9 g C MJ−1). In our study, the maximum LUE of
all the four sites in Asia and America was set to 0.6 g C/mol PPFD−1. The
large range of ε0 parameter values for croplands evident in the abovementioned studies clearly suggests that there is a need to evaluate ε0
parameter values through meta-data analysis of NEE and PAR over
most (if not all) paddy rice ﬂux tower sites in the world. A reduction
in the uncertainty of the ε0 value would likely offer substantial
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improvement in GPP simulations for rice croplands. The fourth source of
errors could be the estimation error of tower-based GPPEC. GPPEC is calculated as the difference between modeled ER and measured NEE. In
this study, the calculation of GPPEC at these four sites also used different
methods, which may have introduced additional uncertainty into the
comparison between GPPVPM and GPPEC. The ﬁfth source of errors
could be the mismatch in the spatial relationship between the footprint
of a CO2 ﬂux tower (which come in varying sizes and shapes, depending
upon the tower height, wind, and land cover types) and a MODIS pixel
(500-m spatial resolution; pure or mixed land cover types), which
would affect the comparison between GPPVPM and GPPEC.
5. Conclusions
The joint analyses of in-situ ﬂux data (GPPEC) from the eddy ﬂux
tower sites and time series of MODIS images at the four paddy rice
sites offer insight into the land surface phenology of paddy rice agriculture. GPPEC data from the ﬂux tower sites track land surface phenology
from the perspective of ecosystem physiology, and EVI time series from
MODIS track land surface phenology from the perspective of ecosystem
and landscape structure. The land surface phenology of paddy rice, described by the seasonal dynamics of satellite-derived vegetation indices,
is in good agreement with the carbon uptake period (CUP) delineated
by seasonal GPP (GPPEC N 1) estimates from ﬂux tower sites. The joint
analyses of in-situ GPPEC, daily mean air temperature and time series
MODIS images at the four paddy rice sites also offer insight into the response functions of VI and GPP to daily mean air temperature at the
landscape scale. Therefore, additional data analyses are needed in the
near future to further evaluate the relationships among GPPEC, daily
mean air temperature and vegetation indices at other paddy rice ﬂux
tower sites and across more years; such work will improve our capacity
to monitor the changes in paddy rice croplands under various climate
conditions.
This is the ﬁrst case study using the Vegetation Photosynthesis
Model, which utilizes the concept of light absorption by chlorophyll,
to estimate the seasonal dynamics of GPP in paddy rice croplands (single crop and double crops). The results demonstrate that the VPM
model performs reasonably well in estimating the seasonal dynamics
and inter-annual variation of GPP at the four rice sites, including sites
in a monsoon climate in South Korea and Japan and a Mediterranean climate in California, USA. It is important to note that further evaluation of
the VPM at other paddy rice sites with CO2 ﬂux measurements would be
valuable and necessary before it is applied to estimate GPP of paddy rice
croplands at large scales across different geographic regions around the
world. Through systematical study of the scaling-up of the methodology
presented in this paper in the near future, the VPM model could potentially become a useful tool for tracking and estimating GPP of paddy rice
croplands across the local to nation scales.
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