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ABSTRACT: Variations in evapotranspiration (ET) and gross primary production (GPP) due to climatic fluctuations
deserve specific considerations for sustainable water and agricultural management. A Vegetation Interface Processes (VIP)
model assimilated with Terra-MODIS remotely sensed leaf area index was used to simulate their spatial and temporal
patterns from 2000 to 2010 in the Songhua River Basin of Northeast China at 1-km grid and 1-h time step. The predicted
ET and GPP were well verified with the eddy covariance measurements, and the ET was in agreement with that derived
from water balance. Over the whole basin, average annual precipitation (P), ET, GPP and water use efficiency are 458 mm,
374 mm, 1067 gC m−2 and 2.86 gC m−2 mm−1 , respectively. Both ET and GPP display significantly spatial variability,
with ET presenting different and good relationships with precipitation for different kinds of land use covers (LUCs);
and GPP a unified good relationship across almost all the LUCs except water body. Over the years from 2000 to 2010,
Normalized Difference Vegetation Index (NDVI), especially crop NDVI, experienced a trend of increasing. GPP showed
no significant trend. ET showed an increasing trend for cropland and grassland, a decreasing trend in water body and
wetland, no significant trend for other vegetation types and a weakly increasing trend for the whole basin. Annually, ET
roughly follows precipitation, whereas GPP was mainly regulated by radiation (Rn). The inter-annual variability for the
eco-hydrological elements with the order of the coefficient of variation (CV) being P (0.13) > E C (0.055) > ET (0.05)
> Rn (0.037) > GPP (0.019) > NDVI (0.01) is less than their spatial variability with the order of CV being E C (0.23) >
P (0.22) > GPP (0.19) > ET (0.15) > Rn (0.05). The highest spatial variability of ET and GPP in grassland implies the
incurring problem of degradation in western basin. The low spatial variability in paddy relates agricultural management.
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1. Introduction
Evapotranspiration (ET) is the major component of water
balance over water-limited areas, where vegetation productivity is critically affected by the water availability and ecohydrological processes associated with land
degradation. For hydrological prediction, water resources
management, irrigation scheduling and water use efficiency (WUE) assessments, it is highly required to accurately estimate ET and vegetation productivity from daily
to monthly (Leuning et al., 2008).
Since actual ET and productivity-related processes are
tightly linked with climate, vegetation properties and
soil moisture conditions, ET and productivity exhibit
large spatial variability in large areas. Quantitative
estimation of ET and productivity is still the focus
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of hydrological, agricultural, ecological and climatological studies (Mo et al., 2004a; Mo et al., 2004b;
Cleugh et al., 2007; Fisher et al., 2008; Venturini et al.,
2008; Baker et al. 2010). Methods originated from
Penman–Monteith (P–M) equation (Monteith, 1965),
Priestley–Taylor (P–T) equation (Priestley and Taylor,
1972) and Budyko equation (Budyko, 1974) are broadly
used for seasonal ET estimation (Jiang and Islam, 2001;
Zhang et al., 2004; Leuning et al., 2008; Yang et al.,
2009). Vegetation biomass is produced in the carbon
assimilating processes of leaves with the absorbed photosynthetically active radiation (PAR) (Monteith, 1977).
Carbon assimilation may be predicted by the light use
efficiency (LUE) models at regional scale (Goetz et al.,
1999; Bastiaanssen and Ali, 2003; Ollinger and Smith,
2005; Xiao et al., 2005; Heinsch et al., 2006, Beer et al.,
2010), since absorbed PAR can be retrieved with reasonable accuracy from remote sensing (Gower et al.,
1999; Yuan et al., 2007) and the maximum LUE is generally conservative to specific plant functional types.
However, since the photosynthetic process is nonlinearly responding to light intensity, the simple LUE model

1946

X. MO et al.

may significantly bias photosynthesis prediction in some
cases. As photosynthesis is coupled with transpiration
via leaf stomatal regulation, the process-based biochemical model of Farquhar et al. (1980) adopting Ball-Berry
stomatal conductance model (Ball et al., 1987) takes
advantage over the LUE model for estimation of gross
primary productivity (GPP). Improvement of the capability in prediction of terrestrial ET and productivity has
significantly reduced the uncertainty in eco-hydrological
prediction and water resources assignments.
Advances of space satellite technologies, vegetation
optical and thermal information from satellite board
remote sensing, especially those from polar-orbiting
satellites have been providing the spatially and temporally
continuous patterns of land surface properties, such as
albedo, biome type and leaf area index (LAI). During the
last 20 years, a lot of remote sensing ET algorithms have
been developed for water management and natural vegetation/crop water productivity assessment (Bastiaanssen
et al., 1998; Su, 2002; Anderson et al., 2008; Teixeira
et al., 2009; Lu and Zhuang, 2010), which integrate
spatially distributed, visible, near-infrared and thermal
infrared data together with routine weather data, providing energy components and ET for every pixel over large
areas. In these algorithms, remotely sensed land surface
temperature is applied to estimate sensible heat flux, then
to derive ET as a residual of energy budget (Kalma and
Jupp, 1990; Su, 2002), or evaporative fraction of available energy (Nishida et al., 2003a, 2003b; Wang et al.,
2006; Mallick et al., 2009). Since the thermal infrared
surface temperature is not usually available under cloudy
days, continuous estimates of ET with thermal information are not feasible under all the conditions. As an
alternative, remote sensing vegetation indices expressed
as time series is chosen to retrieve ET in large areas
by the empirical relationship with micrometeorological
data (Nagler et al., 2005), or by P–M formula in mid
to low resolutions (Choudhury and DiGirolamo, 1998;
Fisher et al., 2008). In P–M model, the stomatal conductance is linearly related to vegetation modified with
some environmental stresses, such as air temperature,
vapour pressure deficit and incoming irradiance (Cleugh
et al., 2007; Fisher et al., 2008; Leuning et al., 2008;
Wang et al., 2010). By integrating the remote sensing
products of vegetation characteristics with the physical
models, estimates of ET and GPP from daily to monthly
scales and at fine resolution (10–1000 m) are derived
over large areas from regions to global (Su et al., 2005;
Piao et al., 2006; Cleugh et al., 2007; Mu et al., 2007a,
2007b; Jin et al., 2011; Mao et al., 2012), which is showing a promising direction in distributed estimating ET and
GPP over a region.
The seasonal patterns of land surface energy partitioning and water balance components fluctuate significantly
due to interannual climatic variability. Correspondingly,
vegetation respond noticeably to climatic variability,
appearing as a shift of bud burst date and alteration of
coverage fraction (Piao et al., 2006). Consequently, the
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prosperous vegetation growing will accelerate the vertical water flux and possibly mitigate the drainage and
surface runoff in a wet year and vice versa (RodriguezIturbe et al., 2001; Zhang et al., 2001; Montaldo et al.,
2005). Owing to the complexity of feedback, it is still a
critical issue to evaluate quantitatively the effects of climatic variability on the hydrological cycle and vegetation
dynamics in specific basins.
The Songhua River Basin is located in the Northeast
of China, where a large part is reclaimed for food
production. The expansion of rice paddy plantation is
rapid during the last decades, consuming a great amount
of water resources and disturbing the water cycling in
the basin (Liu et al., 2011). There were researches on
estimating the spatial and temporal potential ET in the
Songhua River Basin (Liu et al., 2012; Meng and Mo,
2012) by using P–M equation at grid scale. There were
also some researches on monthly actual ET estimation
(Gao et al., 2007; Zeng et al., 2011). However, the
documents on estimating actual ET over the Songhua
River at a high resolution both in spatial and temporal
scale based on a physical process-based model have not
been found yet.
The purpose of this study is to investigate the seasonal and interannual variability of the spatial distributed
ET components and GPP and the responses to climatic
variability in the basin, using the physical process-based
Vegetation Interface Processes (VIP) model integrated
with remote sensing data from Terra-MODIS (the Moderate Resolution Imaging Spectroradiometer) from 2000
to 2010, aiming to provide information for policy making of intensive agriculture practices and water resources
management.

2. Methods
The VIP model is a process-based eco-hydrological
model (Mo, 1998; Mo and Liu, 2001; Mo and Beven,
2004; Mo et al., 2004a, 2004b, 2009, 2012). In the model,
energy budgets of canopy and soil surface are treated
separately, and the canopy radiation scheme distinguishes
the leaf spectral properties of visible and near infrared
radiation, as well as fraction of direct beam and diffusive
radiation. Soil water movement in root zone is simulated
with the discrete Richards Equation in three layers.
Limited by the paper length, below only the schemes
that are mostly related with the contents of this article,
are briefly described.
2.1. Radiation scheme
Radiation transfer scheme includes shortwave and long
wave parts, with the canopy being classified into groups
of sunlit and shaded leaves.
Shortwave radiation loading on the shaded leaves in
canopy profile is estimated by the approach of Goudriaan
and van Laar (1994), ignoring the leaf angle classes,
Ql,sh(ξ ) = Ql ,d (ξ ) + Ql,bs(ξ )

(1)
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where Q l ,sh is the absorbed radiation by the shaded leaves
(W m−2 ); ξ is the cumulative LAI measured downwards
from the top of the canopy; Q l ,d and Q l,bs (W m−2 ) are
the absorbed components of incoming diffuse and scattered beam radiation, respectively, expressed as (Leuning
et al., 1995),
  

Ql,d (ξ ) = Qdo kd (1 − ρcd ) exp −kd ξ
(2)
  
 
Ql,bs (ξ ) = Qbo kb (1 − ρcb ) exp −kb ξ
− kb (1 − σl ) exp (−kb ξ )}

s) are the latent and sensible heat flux. The summation
of Ec and Es consists of total ET.
Bulk aerodynamic expressions of λE and H for canopy
are,
ρcp
(es (Tc ) − ea )
γ (rc + rac + ra )
ρcp
Hc =
(Tc − Ta )
γ (ra + rac )

λEc =

ρcp
(es (Ts ) − ea )
γ (rs + ras + ra )
ρcp
Hs =
(Ts − Ta )
γ (ra + ras )

(3)

where Q bo and Q do (W m ) are the incident direct beam
and diffuse radiation above the canopy, respectively. Both
Q bo and Q do are each subdivided into visible and near
infrared radiation and calculated from sunshine duration
(Weiss and Norman, 1985).


Parameters kd , kb and k b are respectively the extinction
coefficients for diffuse radiation, beam radiation in a real
canopy and a theoretical canopy with black leaves; σ l
is the leaf scattering coefficient; ρ cd and ρ cb are the
effective reflection coefficients of canopy for diffuse and
direct radiation, respectively.
Radiation absorbed by sunlit leaves (Q l ,lt , W m−2 ) is
estimated as,
(4)

By integrating Equations (1) and (4) from 0 to the total
canopy LAI, the absorbed shortwave radiation fluxes by
sunlit and shaded leaves in the canopy, denoted as Q ab,sh
and Q ab,lt , respectively are obtained (Mo and Beven,
2004).
For soil surface, similarly, we can get the radiation
absorbed by the sunlit and shaded soil surface, denoted
as Q s,sh and Q s,lt respectively. Radiation absorbed by soil
surface, denoted as Q ab,s is derived from Q s,sh and Q s,lt
after being weighted by the sunlit and shaded fraction of
soil surface (Mo and Beven, 2004).
The net long wave radiation, on soil surface and
canopy is denoted as Lns and Lnc , respectively among
which sky downward long wave radiation is calculated
as Zuo et al. (1991), by using air vapour pressure (ea ,
hpa) and air temperature (T a , ◦ C). The net long wave
radiation is estimated as in Mo and Liu (2001).
2.2. Energy budgets of canopy and soil surface
According to the dual – source framework of energy
balance over a vegetative surface, energy budgets for
vegetation (with subscript c) and soil (with subscript s)
are given by,
Rnc = λEc + Hc

(5)

Rns = λEs + Hs + G

(6)

where R nc is the net absorbed radiation by canopy, in
which R nc = Q ab,sh + Q ab,lt + Lnc ; R ns is the net absorbed
radiation by soil, in which R ns = Q ab,s + Lns ; G is the
ground heat flux (W m−2 ); λEi and Hi (subscript i = c,
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(7)
(8)

and for soil surface are,
λEs =

−2

Ql ,lt (ξ ) = kb Qb0 (1 − σl ) + Ql ,sh (ξ )

1947

(9)
(10)

where γ is the psychrometric constant (hPa ◦ C−1 ); cp is
the specific heat capacity of air (J kg−1 ◦ C−1 ); ρ is the
air density (kg m−3 ); λ is the latent heat of vapourization
of water (J kg−1 ); rc is the canopy resistance (s m−1 );
r ac is the leaf boundary aerodynamic resistance (s m−1 );
rs is the soil resistance (s m−1 ); r as is the aerodynamic
resistance (s m−1 ) near soil surface; r a is the atmospheric
resistance (s m−1 ); e s is the saturated vapour pressure
(hpa); Ts , Tc and Ta are the temperatures (◦ C) of soil
surface, canopy and reference height, respectively.
To estimate the latent heat flux (or ET) analytically,
and to overcome the underestimation in the P–M formula
while the temperature difference between air and surface
is significant, the surface temperatures (Tc and Ts )
in emitting long wave radiation and saturated vapour
pressure are approximated with a second order Taylor
expansion with air temperature (Paw and Gao, 1988) in
energy balance Equations (5) and (6), then the canopy and
soil surface temperature is analytically solved with two
quadratic equations of (Tc –Ta ) and (Ts –Ta ). The derived
Tc and Ts are then used to calculate the net long wave
radiation and heat fluxes of canopy and soil surface.
2.3.

Vegetation photosynthesis and productivity

The schemes of C 3 and C 4 plant photosynthetic rates
or assimilation rates follow Farquhar et al. (1980) and
Collatz et al. (1992). For both sunlit and shaded leaves,
assimilation rates are limited by efficiency of the photosynthetic enzyme system (Rubisco limited), the amount
of PAR captured by leaf chlorophyll, and the capacity
of leaf to export (for C 3 crop) or PEP-carboxylase limitation (for C 4 species). The CO2 assimilation rate, An
(µmol CO2 m−2 s−1 ), for both C 3 and C 4 leaves are
expressed as,
An = min (Av , Ae , As ) − Rd

(11)

where Av , Ae and As , all in the unit of µmol CO2
m−2 s−1 , are the Rubisco limited, potential electron
transport limited, and export limited rate of carboxylation
(for C 3 crop) or the PEP – carboxylase limited rates of
carboxylation (for C 4 crop), respectively; Rd is the dark
respiration (µmol CO2 m−2 s−1 ).
Int. J. Climatol. 34: 1945–1963 (2014)
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2.4. Hydrological processes

Av is expressed for C3 as,
Av = Vc max
for C4 as,

ci − 
ci + Kc (1 + oi /Ko )

Av = Vc max

(12)

(13)

Ae is for C3 as,
Ae =
for C4 as,

J ci − 
4 ci + 2

(14)

Ae = Qpar

(15)

As = 0.5Vc max

(16)

and As is for C3 as,

for C4 as,
As = 1.8 × 104 Vc max

ci
patm

where cs is the CO2 concentration at the leaf surface (Pa );
hs is the leaf surface relative humidity (dimensionless);
fw is the soil moisture stress factor (dimensionless). m is
the dimensionless empirical coefficient.
The net assimilation rates are calculated separately for
sunlit and shaded leaves groups in the canopy which is
divided into 20 horizontal layers. Then the total carbon
assimilation, namely GPP is derived as,
20



[Llt,i Anlt,i + Li − Llt,i Ansh,i ]

(19)

i =1

where Anlt and Ansh are the net photosynthesis rate of
sunlit and shaded leaf groups, respectively. Llt is the LAI
for sunlit leaves, inferred as
Llt,i =

1 − exp (−kb Li )
kb

(20)

where Li is the whole canopy LAI at the i th layer.
From GPP, canopy resistance rc can be obtained by
Equation (18).
 2013 Royal Meteorological Society

where Q run (mm) is the surface runoff, θ sat and θ are
the saturated and actual soil moisture in a certain soil
depth Zs , P n is the net precipitation (mm).

(17)

where V cmax (µmol CO2 m−2 s−1 ) is the maximum
catalytic activity of Rubisco; Q par is the absorbed PAR
(µmol photons m−2 s−1 ), calculated with information of
Q l ,lt and Q l ,sh ; J is the electron transport rate (µmol CO2
m−2 s−1 ); ci and oi represent respectively the intercellular
CO2 and O2 concentration (Pa ) in the chloroplasts; Kc
and Ko are the Michaelis–Menten coefficient (Pa ) for
CO2 and O2 , respectively;  is the CO2 compensation point (Pa );  is the intrinsic quantum efficiency
(µmol CO2 µmol−1 Photons); p atm is the atmospheric
pressure (P a ).
The Ball–Berry relationship between the stomatal
conductance (reciprocal of stomatal resistance) for CO2 ,
gs (µmol CO2 m−2 s−1 ), and the assimilation rate is
adopted as,
An hs patm
gs = m
fw
(18)
cs

GPP =

The stomatal conductance is regulated with the status
of soil moisture, which further influences ET and GPP.
Soil is divided into three layers with the thicknesses of
0.02, 0.98 and 1.00 m, respectively. The changes of water
content in each layer are calculated by the scheme as
described in Sellers et al. (1986) and Mo et al. (2004b).
Surface runoff generation is influenced by the soil type,
slope and rainfall intensity, with the mainly controlling factors to infiltration being precipitation and soil
water content, expressed as (Choudhury and DiGirolamo,
1998),
Pn2
Qrun =
(21)
[Pn + (θsat − θ) Zs ]

3. Study area, data and implementation
3.1. Songhua River Basin
The Songhua River Basin is located in the Northeast
China extended latitudes from 41◦ 42 N to 51◦ 38 N and
longitudes from 119◦ 52 E to 132◦ 31 E, with a drainage
area of 556 800 km2 (Figure 1(a)). Length of the main
stream is 2309 km, consisting of the Nen River, which
is originated from the western part, and the upper
reach of the Songhua River, which is from the southeastern mountains. On topographical aspect, it ranges
from the western and south-eastern mountains in the
upper reaches to central terrace plain and then to lowland in the lower reach. The whole basin ranges from 50
to 2700 m above sea level. It belongs to the warm temperate and semi-wet monsoon climate zone with annual
mean air temperature from 1 to 5 ◦ C. The mean precipitation is 458 mm year−1 and the temporal distribution
of precipitation is unimodal in the rainy season from
June to September. Mean water yield is 78 mm year−1
derived from the measured discharge at the outlet of
the entire basin from 2000 to 2010. Vegetation covers
are diverse over the basin, where forest, grassland and
farmland consist of 29, 20 and 43% of the basin area,
respectively.
3.2. GIS and hydro-meteorological data
One-kilometre resolution digital elevation model (DEM)
is used for spatial interpolation of climatic variables.
Land use/cover map interpreted from Terra-MODIS
images is used as the base (http://modis.gsfc.nasa.gov),
in which the cropland is sub-divided into paddy field and
rainfed farmland according to land use information from
China Geodata Center (www.geodata.ac.cn) (Figure
1(b)). Soil textural map is at a scale of 1:1 000 000
represented as the fractions of sand, silt and clay
(www.geodata.ac.cn), by which the parameters such as
Int. J. Climatol. 34: 1945–1963 (2014)
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Figure 1. (a) Stream channels, meteorological stations and hydrological gauges, (b) land use over the Songhua River Basin (DBF, deciduous
broadleaf forest; MF, mixed forest; ENF, evergreen needle leaf forest; SH, dwarf shrub; GL, grassland; WB, water body; WL, wetland; Paddy,
rice field; CL, crop land except paddy).

saturated soil moisture (θ sat ) and saturated hydraulic conductivity (K ws , mm s−1 ) are estimated as (Bonan, 1996),
θsat = 0.489 − 0.00126fsand

(22)

Kws = 0.0070556 × 10(−0.884+0.0153fsand )

(23)

3.3.

where f sand (%) is the fraction of sand.
Atmospheric forcing includes daily variables of air
temperatures (mean, maximum and minimum), water
vapour pressure, wind speed, sunshine duration and precipitation recorded at 85 climatic stations in and around
the basin (from http://cdc.cma.gov.cn/), which are spatially interpolated to grids with a gradient inverse distance
(GIDS) method. We compared three interpolating methods, i.e, ordinary kriging (OK), inverse distance squared
(IDS) and GIDS and found that GIDS is better for the
interpolation of forcing variables than other two methods.
The mean absolute errors (MAE) from cross-validation
tests is 1.3 ◦ C for temperature and GIDS gives more reasonable estimates in valley and mountainous areas than
the other two methods. This lends confidence to us to use
GIDS to get a relatively high-quality of grid interpolation forcing data. The daily air temperature is extended
to sub-hourly values with sinusoid functions as Campbell
and Norman (1998).
The eddy covariance flux data at Changbai Mountain
(Wu et al., 2009) are used for validation of the estimated
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ET and GPP. Hydrological discharge data at 11 catchments from Hydrological Annals of China are used to
validate the ET estimates.
Remote sensing data

Remote sensing information is used to identify land
surface characteristics, such as the fractional vegetation
cover and LAI, land use types. Given the availability of
remote sensing LAI data product derived from radiation
transfer model and vegetative spectral reflectance, there
are a lot of reports using LAI product directly for ET
and GPP estimation (Cleugh et al., 2007; Zhang et al.,
2008; Ryu et al., 2011). Although it is found that there
is some significant uncertainty in the LAI product which
is sensitive to the ET and GPP models (Zhang et al.,
2010; Fang et al., 2012) and there are a lot of missing
values in the LAI products (e.g. the built-up areas), LAI
product derived from remote sensing is still one of the
main products for people to characterize the land surface
in a large scale.
Eight-day and 1-km resolution LAI product
(MCD15A2) from MODIS on the polar-orbiting
Terra satellite was used to characterize land surface
condition (http://modis.gsfc.nasa.gov). Data were errorchecked and erroneous data were interpolated with
the preceding and subsequent values according to
the time series trends by the Savitzky–Golay (SG)
filter (Savitzky and Golay, 1964), and then daily LAI
Int. J. Climatol. 34: 1945–1963 (2014)
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values were interpolated with the Lagrange polynomial.
The missed values in the MCD15A2 LAI products
over the built-up areas were filled up by the retrieved
LAI from Normalized Difference Vegetation Index
(NDVI) with the empirical method (Fisher et al.,
2008).
3.4.

Implementation framework

The model was run at 1 km resolution with an hourly
step from 1999 to 2010, in which year 1999 was taken as
warming-up for soil moisture regime. The soil depth Z s
in surface runoff generation Equation (21) was manually
calibrated as 70.0 mm. Photosynthetic capacity V cmax
for the vegetation types were adopted from CLM4.0
(Oleson et al., 2010). Remote sensed LAI was used to
simulate ET and GPP. One of the main connections
between ET and LAI is via net radiation as shown in
Equations (5) and (6), which needs information of LAI
to calculate the absorbed shortwave radiation fluxes by
sunlit and shaded leaves in the canopy as shown in
the Section 2.1. Plus ET is also related with LAI via
canopy stomatal conductance rc , which is obtained by
Equations (7), (18) to (20). The connection between GPP
and LAI can be seen in the Equation (19). In case of
NDVI, the transfer function is used to derive LAI from
NDVI as shown in Mo et al. (2004b).The model was
validated at the two scales. At the grid level, the ET
and GPP simulated by the VIP are compared with the
measurements over the mixed forest by eddy covariance
technique in the Changbai Mountain in year 2003 and
2004. At catchment scale, the predicted ET is validated
with that derived by water balance.

4.
4.1.

Results
Evaluation

4.1.1. VIP model results against water balance data
The predicted actual annual ET values (denoted as AETm )
averaged respectively over 35 sub-catchments in 2001,
2003, 2005, 2006 and 2007, were compared with the
annual ET calculated as the residuals of annual precipitation minus the observed discharge and the simulated
change of water storage in the soil profile (denoted as
AETob ) (Figure 2). According to the root zone soil moisture records in the basin and the simulated results, the
interannual storage changes were less than 30 mm. It is
seen from Figure 2 that the coefficient of determination
(R 2 ) of the simulated and the measured annual ET is 0.64,
root mean square error (RMSE) is 70 mm year−1 and
MAE is 60 mm year−1 . The average annual values over
all the sub-catchments are 336 and 364 mm for AETm and
AETob , respectively. Compared with the catchment water
balance derived ET, the following reports present various
agreements. Zhang et al. (2008) presented R2 from 0.66
to 0.78 and RMSE from 67 to 87 mm year−1 in their
study basins using P–M equation. Zhang et al. (2004)
reported R 2 of 0.89 and MAE of 54 mm year−1 with a
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Figure 2. Comparison between the predicted and the water balance
estimated annual ET values over 35 sub-catchments in 2001, 2003,
2005, 2006 and 2007.

Budyko type model. Yang et al. (2007) also used Budyko
type model to estimate ET with R 2 of 0.95, RMSE of
15.8 mm year−1 and MAE of 20.5 mm year−1 . Ryu et al.
(2011) presented R 2 of 0.78 and RMSE of 168 mm year−1
using a land surface model with Terra–Modis remote
sensing data products. It is seen that the results of VIP
model were not the best one, but at a comparative
level.
As illustrated in Figure 2, annual ET with low values
was overestimated, whereas ET with high values was
underestimated. In addition to model prediction uncertainty, some sources of uncertainty relevant to ET estimates with water balance method should be concerned.
Here the water amounts consumed by human activities
for domestic usage, livestock and industrial production
were not taken into account (about 7% of the total water
resources, equivalence to 10 mm runoff depth) (Annals
of Songhua River Water Resources, 2008). In addition,
limited climatic measurements and their spatial extrapolation may bias and reduce the accuracy of precipitation
and AETm estimates, due to the topographic effects on
local climatic variables. Further, variability in precipitation redistribution pattern and shallow soil layer in
mountainous areas may also affect the local water budget
estimates.
4.1.2. VIP model results against flux tower data
The eddy covariance measurements of seasonal ET and
GPP fluxes over a mixed forest in Changbai Mountain
(42◦ 24 9 N, 128◦ 5 45 E) (Wu et al., 2011), south-east of
the basin, were used to evaluate the model performance at
a pixel scale. The comparisons of predicted ET and GPP
at grid scale with the measurements at the flux site were
presented in Figures 3 and 4, respectively. In 2003, the
measured (Shi et al., 2006) and simulated ET amounts
were 453 and 474 mm, respectively, about 50% of the
available energy. It is illustrated that the model traces
the measured monthly ET quite well with R 2 of 0.96
(Figure 3).
Int. J. Climatol. 34: 1945–1963 (2014)
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Figure 3. Comparison of monthly ET between the eddy measurements and the model simulated at Changbai Mountain site in 2003.

Figure 4. Comparison of 8-day GPP between the eddy measurements and the model simulated at Changbai Mountain site in 2003 and 2004.

The annual GPP amounts from flux tower data were
1433 gC m−2 in 2003 and 1312 gC m−2 in 2004 (Wu
et al., 2009). The simulated annual GPP values were 1514
and 1400 gC m−2 , respectively. The relative differences
between the measured and the simulated annual GPP
were less than 10% in these 2 years. As shown in
Figure 4, the differences of 8-day cumulative GPP values
between the measured and the simulated were obvious
in spring and mid-summer. The simulated 8-day GPP
values were on a plateau in the early summer associated
with more clear days, but they were reduced in the midsummer due to more cloudy and rainy weathers. In the
rainy season, there are more errors in the measurements
too.
4.2. The spatial variations
4.2.1. Precipitation and ET
Spatially, the mean annual precipitation was 458 ± 100
mm. The maximum annual precipitation, 922 mm,
occurred in the southeast mountainous area, whereas
the minimum was only 294 mm, occurred in the mid to
southwestern parts in the rainfall shadow of Changbai
Mountain (Figure 5(a)).
Spatially the mean ET was 374 ± 56 mm. The lowest ET, about 297 mm year−1 , was from grassland, the
highest about 624 mm year−1 from the paddy field, 394,
388 and 412 mm for ENF, MF and DBF, respectively
and 578 mm for wetland (Figure 6). The values are in
 2013 Royal Meteorological Society

consistent with the field experimental results conducted
in the San Jiang Ecosystem Station (47◦ 35 N, 133◦ 32 E)
in the basin (Nie et al., 2011). In Changbai Mountain
area ET values from the forests ranging from 400 to
600 mm year−1 with an average around 500 mm year−1 .
Liski et al. (2003) documented that the annual ET measured in 34 sites of boreal and temperate forests across
Europe ranging from 328 to 628 mm. Du et al. (2013)
presented wetland annual ET as 578 mm in the northeast
part with SEBAL model. Liu and Xu (2006) reported
that the water consumption was 802.5 mm year−1 over
the Zhalong Wetland in the western part. Sun and Song
(2008) reported 340 mm of ET over a freshwater marsh
during the growing season in the northeast. Nearby the
southern part of the basin, Zhou et al. (2010) presented
an annual ET of 452 mm year−1 in a seasonal wetland by
the eddy covariance measurements from 2003 to 2007.
From the comparison between our simulations and the
documented results, it is shown that although the results
do not exactly match each other, their biases are in a
reasonable range.
It is seen from Figure 5(b) that the spatial pattern of
annual ET was clearly regulated by the land use/cover
types and precipitation. Over the water body, rice field
and wetland, annual ET values were larger than the
precipitation, from 600 to 900 mm, approaching to the
potential evaporation of atmospheric vapour demand.
The lowest ET around 200 mm occurred in the low
precipitation areas. The relationship between ET and
Int. J. Climatol. 34: 1945–1963 (2014)
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Figure 5. Multi-year averaged spatial patterns over the period from 2000 to 2010 of annual (a) precipitation, (b) ET and (c) ratio of transpiration
(Ec ) to ET .

Figure 6. Multi-year averaged annual values and their standard deviation of P, ET and transpiration (Ec ) for each of land cover types over the
period from 2000 to 2010.

precipitation can be divided into three clusters (Figure
7(a)). For cropland, forests and shrub, the R 2 between
annual ET and precipitation was 0.96 with a slope
of 0.82; for wetland and rice field, R 2 was 1 with a
slope of 0.79. Water body shows a different relationship
between precipitation and ET from other land use covers
(LUCs).
Figure 5(c) presents the spatial pattern of the ratio
of annual Ec to ET (transpiration/evapotranspiration).
It shows a declining trend with decreasing heights of
canopies from forest (0.72∼0.70), shrub (0.69), crop
land (0.65), grassland (0.59), rice field (0.51) to wetland
(0.38). There exists a good relationship between the ratio
and precipitation (Figure 7(b)). High ratios correspond
to high precipitation. And the low ratios in the mid to
southwest areas coincided with low annual precipitation,
where vegetation covers were sparse and the lands were
liable to degradation and desertification. The ratios of Ec
to ET were unexpectedly low in the paddy fields and
wetland, due to high evaporation rates underneath the
canopies. Over the whole basin during the study period,
the mean ratio was about 0.60, ranging from 0.58 to 0.63
in different years, corresponding to vegetation conditions
and soil water stress. Liu et al. (2003) estimated that the
ratio of Ec to ET was about 0.45 over Canada terrestrial
surface.
 2013 Royal Meteorological Society

4.2.2. GPP and WUE
Figure 8(a) illustrates the annual pattern of GPP averaged
over the period from 2000 to 2010. GPP also shows a
remarkable spatial variability and the average annual GPP
being 1067 gC m−2 . Generally, the highest annual GPP
values occurred in the north to south belt of farmland and
the downstream areas in northeast, and then forestry areas
in the Mountains Changbai and Lesser Khingan where
forests were maintained in good conditions. Low GPP
values were predicted in the grids with low fractional
vegetation cover, coinciding with the low precipitation
areas in the basin. There is a unified good relationship
between precipitation and GPP across all the LUCs
(Water body is not considered, Figure 7(c)), implicating
that the role of precipitation on GPP is larger than the
role of precipitation on ET (Figure 7(a)).
The spatial mean annual GPP values for each vegetation types during the study period are presented in
Figure 9(a). The deciduous forest produced the highest
GPP, 1449 gC m−2 year−1 , resulted from high vegetation fractional covers. The low GPP values of grassland and wetland were around 800 gC m−2 year−1
with low canopy density. The GPP of paddy was
about 1300 gC m−2 year−1 , which is higher than the
rainfed crops. Comparatively, the estimates of GPP
Int. J. Climatol. 34: 1945–1963 (2014)
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Figure 7. The relationship between multi-year averaged (a) ET; (b) Ec /ET; (c) GPP and (d) WUE and multi-year averaged precipitation for
vegetation types and/or clusters over the period from 2000 to 2010.
(a)

(b)

(c)

Figure 8. Multi-year averaged spatial pattern of (a) GPP; (b) WUE and (c) net radiation (Rn) over the period from 2000 to 2010.

by Yuan et al. (2010) ranged from 500 to 1500 gC
m−2 year−1 , and Mu et al. (2007b) predicted the growing season GPP with NOAA-AVHRR (National Oceanic
and Atmospheric Administration – The Advanced Very
High Resolution Radiometer) data in the resolution of
0.5◦ being from 300 to 1200 gC m−2 year−1 in this
region.
WUE is expressed as the ratio of annual GPP to ET.
There was remarkable spatial variability over the whole
basin with an average value of 2.86 gC m−2 mm−1 from
2000 to 2010 (Figure 8(b)).
The variations of ET and GPP among vegetation types
resulted in different values of WUE for different types,
as shown in Figure 9(b). The WUE values of forests
 2013 Royal Meteorological Society

and rainfed crops were above 3 gC m−2 mm−1 , which
were higher than that of rice paddy and grassland. Both
paddy and wetland held relative low WUE values, as a
shallow water layer was usually maintained in the paddy
fields and wetland consuming more water by evaporation.
Similar magnitudes of WUE values were reported for
ecosystems in the conterminous US (Lu and Zhuang,
2010).
Similar to the ratio of Ec /ET, there was a good relationship between the WUE and precipitation (Figure 7(d)).
High WUE values were seen in the forest, grass and
rainfed farmlands in high precipitation, and the low WUE
appeared in areas with low precipitation and vegetation
covers. The WUE were unexpectedly also low in the
Int. J. Climatol. 34: 1945–1963 (2014)
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Figure 9. Multi-year averaged values of GPP and WUE for the vegetation types over the period from 2000 to 2010.

paddy fields and wetland, again due to high evaporation
rates underneath the canopies.
4.2.3. Net radiation
Radiation did not play a prominent role on the spatial
variability of ET or GPP. As seen from Figure 10, LUCs
played a more important role on ET, the ratio of Ec to ET
and WUE than radiation. For GPP, it is hard to see the
control either from radiation or LUC. The reason for this
may be due to the relatively homogenous distribution of
net radiation in the basin (Figure 8(c)).
4.2.4. The spatial CV of ET and GPP
It is seen that over the ten LUCs, the spatial variability
of ET, with average coefficient of variation (CV) being
0.15, over the basin, is lower than that of GPP. With the
average CV being 0.19 (Figure 11), all are lower than
that of precipitation with the average CV being 0.22,
and higher than that of radiation with the average CV
being 0.05. High variability of transpiration Ec , with the
CV being 0.23, combined with low variability of Es (not
shown here), produces the variability of ET in between.
The high variability of ET and GPP in some of
LUC, for example in grassland, combined with the low
variability in some other LUC, for example in paddy,
produces the variability of in-between average variability
of ET and GPP over the whole of the basin. The very high
spatial variability of ET and GPP in grassland implies
the incurring problem of degradation in western part
of the basin where water is in stress. Both the spatial
variability and in-between-year variability in paddy are
low, reflecting responses of agricultural management.
4.3.

The interannual variability

4.3.1. Key climate variables
The average annual precipitation and air temperature
over the basin illustrated significant interannual variability (Figure 12(a)) during the study period. As downward
global radiation declined due to more cloudy and less
sunshine duration in wet years, there was strong negative correlation between net radiation and precipitation
amount at annual scale (Figure 12(b), R 2 = 0.66).
 2013 Royal Meteorological Society

4.3.2. Vegetation dynamics
The basin shows a strong coupling of vegetation dynamics and interannual climatic variability during leaf
expanding period. As seen from Figure 13, the seasonal
variations of the spatially averaged NDVI in a drought
year (2001) and a wet year (2002) experienced similar
patterns. However, NDVI in a wet year was higher in
spring and early summer than that in a drought year.
From 2000 to 2010, the cumulative NDVI values in the
growing seasons (from DOY81 to 305) experienced a
trend of increasing (R 2 = 0.25) with the anomalies ranging from −2.0 to 1.6% (Figure 13(b)). Cropland NDVI
in the growing season was noticeably increasing with R 2
of 0.30. However no significant increasing trends were
found in other vegetation types (not shown here). Therefore, the increase of greenness was principally attributed
to the croplands in the study basin.
The averaged cumulative NDVI was positively correlated with annual precipitation (R 2 = 0.21) and mean air
temperature (R 2 = 0.13) in the growing season, indicating
the constraint of water and heat on vegetation prosperousness. The relatively low R 2 reflects the embedded
nonlinear vegetation dynamics in spite of its obvious positive linear correlation. The relationship varies between
the plant functional types, for example, the cumulative
growing season NDVI of cropland was more positively
related with precipitation (R 2 = 0.64) than that of grassland (R 2 = 0.55). Furthermore, the cumulative NDVI of
forest in growing season was insensitive to the variability of annual precipitation in the study period. Hence,
the magnitude of sensitivity to precipitation was possibly related with the depth of root layer, which regulated the availability of soil moisture and buffered
the seasonal drought stresses. As reported by Ju et al.
(2006), daily ET and GPP fluxes of a boreal aspen
forest did not decline significantly in a drought year,
owing to sufficient moisture available in the deep soil
layer.
4.3.3. ET and its components
From Figure 14(a) and (b), it was found that the
relative anomalies of annual ET (−7.4 to 5.2%) were
Int. J. Climatol. 34: 1945–1963 (2014)
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Figure 10. The relationship between multi-year averaged (a) ET; (b) Ec /ET ; (c) GPP and (d) WUE and multi-year averaged net radiation for
vegetation types and/or clusters over the period from 2000 to 2010.

Figure 11. The coefficient of spatial variation (CV) of Precipitation (P), net radiation (Rn), ET, transpiration (Ec ), GPP over the whole of the
basin and CV of (a) ET and (b) GPP over each of LUCs for every year from 2000 to 2010.

less significant than those of transpiration (Ec ) (−9.2
to 9.6%), both of which were not in consistent with
the fluctuations of precipitation in all years. Reason
for the inconsistency in some years was that more
water infiltrated into the soil profile storage in a wet
year, resulting in a relative high transpiration in the
next drought year. The dynamic responses of canopy to
climatic variation enhanced the fluctuating magnitudes
of transpiration. However the compensating effects of
soil evaporation and canopy transpiration reduced the
ET interannual variability (Figure 14(b)). Documented
research showed that the increase of land cover fraction
may result in a significant positive change of Ec and
 2013 Royal Meteorological Society

negative change of Es, but the change of total ET was
not significant (Mo et al. 2004a).
For the individual land cover types, the signs of
anomalies of ET in each year were not the same
(Figure 15). In drought year, such as 2007, ET in paddy,
wetland and water body was enhanced whereas ET in
other land covers was weakened. It was shown that
the annual ET values of cropland and grassland were
appearing up trend. ET in water body and wetland
showed decreasing trend in the study period. The trends
of ET in other vegetation types were not significant. For
the whole basin, ET was showing weakly increasing trend
(Figure 14(a)).
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Figure 12. (a) The relative anomaly (the ratio of the difference between the value of the variable and its multi-year mean to its multi-year mean)
and trends of spatially averaged precipitation (P), net radiation (Rn) and air temperature (Ta ) and (b) the relationship between the averaged Rn
and P over the basin.

Figure 13. Variations of spatially averaged NDVI in drought (2001) and wet (2002) years (left); the evolution and the trends of spatially averaged
NDVI and precipitation (P) from 2000 to 2010 (right).

4.3.4. GPP and WUE
The temporal relative anomalies of annual GPP ranging from −4.3 to 2.2% were generally in consistent
with the fluctuations of radiation in the study period
(Figure 16(a)). R 2 of the positive relationship between
GPP and net radiation was 0.45 (Figure 16(b)).
The lowest GPP occurred in 2003 was mainly resulted
from the relatively low global radiation during the
growing season. Even though the climate was quite
wet in that year, vegetation productivity was principally
regulated by the input radiation energy. From 2000 to
2010, annual GPP was showing no significant trend,
different from the weakly increasing trend of cumulative
NDVI over the growing season (Figure 13(b)).
For the individual vegetation types, it was shown that
the annual GPP values of cropland and grassland were
appearing up trend (Figure 17). Since the decreasing
trends of GPP in some land covers was compensated with
the increasing trends of crop and grassland, no significant
down trend of the mean GPP was shown in the whole
basin.
 2013 Royal Meteorological Society

The temporal relative anomalies of annual WUE
were ranging from −8.3 to 8.1% from 2000 to 2010
(Figure 16(a)). Over the 10 years WUE was negatively
correlated with annual ET (R 2 = 0.86) in the study period
as shown in Figure 18. However, the relationships were
weaker between WUE and net radiation or between WUE
and GPP. Interestingly, the temporal relationship between
WUE and precipitation is negative while its spatial relationship is positive (Figure 7(d)). The annual GPP was
not as noticeably affected by precipitation as ET except
in the extreme drought years, giving rise to the reduction of WUE in the wet years. Lu and Zhuang (2010)
reported that seasonal WUE would increase with slight
water stress, but it would decrease under severe water
stress. As indicated by Figures 14(a) and 16(a), the low
GPP and WUE occurred in the wet years of 2003 and
2005. In the drought years, WUE was a bit higher than
in other years, since the storage of soil water in the preceding year would mitigate the water deficit stress and
enhance the vegetation productivity due to more radiation
input and less non-productive evaporation loss.
Int. J. Climatol. 34: 1945–1963 (2014)
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Figure 14. (a) The relative anomaly (the ratio of the difference between the value of the variable and its multi-year mean to its multi-year mean)
and the trends of spatially averaged precipitation (P), ET and transpiration (Ec ) and (b) the evolution of P, ET, Ec and soil evaporation (Es ) over
the basin.

Figure 15. The evolution of the relative anomaly (the ratio of the difference between the value of the variable and its multi-year mean to its
multi-year mean) of ET and the trend shown by the linear equation for each of the land surface types. R2 in the legend represents the coefficient
of determination.

Figure 16. (a) The relative anomaly (the ratio of the difference between the value of the variable and its multi-year mean to its multi-year mean)
and trends of spatially averaged net radiation (Rn), GPP and WUE and (b) the relationship between GPP and Rn.
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Figure 17. The evolution of the relative anomaly (the ratio of the difference between the value of the variable and its multi-year mean to its
multi-year mean) of GPP and the trend shown by the linear equation for each of the land surface types. R2 in the legend represents the coefficient
of determination.

Figure 18. The relationship between each year’s spatially averaged (a) WUE and P; (b) WUE and Rn; (c) WUE and ET and (d) WUE and GPP.

4.4. The interannual CV of ET and GPP and the
comparison with their spatial variability
In accordance of CV, the order of interannual variability is: P (0.13) > Ec (0.055) > ET (0.05) > Rn
(0.037) > GPP (0.019) > NDVI (0.01). Comparing with
the spatial variability order of Ec (0.23) > P (0.22) > GPP
(0.19) > ET (0.15) > Rn (0.05), for all the variables, the
temporal (multi-year) variation is less than the spatial
(within LUC) variation (Figure 19).
The very low multi-year variability of GPP, which is
contrasting to its very high spatial variability, can be
 2013 Royal Meteorological Society

explained by the low variability of net radiation which
is the main driving force of GPP in time scale and the
high variability of precipitation which is the main driving
force at spatial scale.

5. Discussion
5.1. The merits of VIP over other models in ET and
GPP predictions
As shown above, with well verification of ET and
GPP against eddy covariance measurements and
Int. J. Climatol. 34: 1945–1963 (2014)
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Figure 19. The comparison of coefficient of variation (CV) of (a) P, (b) Rn, (c) ET, (d) Ec , (e) GPP for space and time over each of LUCs and
(f) the whole picture of the comparison.

catchment water balance derived ET, the biophysical
and biochemical process-based VIP model produces
documented comparable results of regional and temporal
ET and GPP in high spatial and temporal resolution by
integrating remote sensing information of vegetation
conditions. Compared with other models, the VIP model
has at least following two advantages over other models.
On the one hand, it incorporates the key processes
of ET, photosynthesis, the soil moisture dynamics and
soil water deficit constraining on stomatal conductance,
which is against the P–M ET and LUE models that
do not explicitly include effects of soil moisture deficit
(Mu et al., 2007b; Yuan et al., 2010; Ryu et al., 2011).
 2013 Royal Meteorological Society

Owing to lack of local water balance constraining, soil
evaporation may be significantly biased under sparse
vegetation canopy in such kind of models.
Although the soil moisture stress is more or less
reflected in the seasonal pattern of LAI, Mu et al.
(2007b) confirmed that remote sensing LUE model might
overestimate GPP in some dry regions if only considering
water vapour deficit as water stress factor. In this study,
we found that soil moisture stress affects not only total ET
amount, but also the partitioning of ET into transpiration
and soil evaporation within a magnitude of 10%.
On the other hand, the analytical solution of canopy
and soil surface temperatures in the VIP model avoids
Int. J. Climatol. 34: 1945–1963 (2014)
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differences in estimates of ET and GPP caused by LAI
and NDVI products have not been clear yet. Here, the VIP
model is used to evaluate the sensitivities of the predictions of annual GPP, ET and Ec to LAI and NDVI products over 300 grids from year 2000 to 2010. As shown
in Figure 20(a)–(c), the relative differences between the
LAI and the NDVI derived GPP were less than 5%, but
the dots were quite scattered with RMSE of 19%; The
mean values of ET and Ec from the two remote sensing
products were in consistency with their RMSE values of
5 and 13%, respectively. It is interesting to note that the
predicted ET, Ec and GPP by remote sensing LAI and
NDVI products, respectively are close to each other in
spatially averaged values, but their spatial distributions
are quite different, suggesting further evaluation of predictions is still necessary.
5.3. The uncertainty of the VIP model
In a mechanistic model, the uncertainty is considered
stemming from input data, model structure and parameters, as well as boundary conditions. By using General
Likelihood Uncertainty Estimation (GLUE), effects of the
parameter uncertainty in the VIP model were analyzed
and sensitivities of model parameters were presented (Mo
et al., 2012). It was demonstrated that the uncertainty of
ET and GPP were 16.5 and 21.1%, respectively in the
VIP model predictions. Changing 30% of LAI will cause
less than 5% change of ET and less than 10% change of
GPP under different land cover conditions.

6. Summary and conclusions

Figure 20. Comparisons of GPP, ET and transpiration (Ec ) simulated
with products of MODIS NDVI and LAI, respectively.

the use of empirical extinction coefficient of net radiation
in canopy and reduces the uncertainty of net radiation partitioning between canopy and soil surface,
which improves the accuracy of transpiration and soil
evaporation estimates.
5.2. The difference in estimates of ET and GPP by
using LAI and NDVI products
Remote sensing LAI and spectral vegetation index products are often used to characterize the vegetation conditions for estimation of ET and GPP. However, the
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A physical process-based model (VIP model) assimilated
with Terra-MODIS remote sensing LAI/NDVI products
was used to explore the spatial and temporal patterns
of actual ET and GPP and their responses to climatic
variability from 2000 to 2010 in the Songhua River
Basin of Northeast China. The predictions were well
verified by the eddy covariance measurements in a forest
site and water balance data at basin and sub-basin
scale.
Over the basin, the multiyear spatially averaged values
for ET and GPP are 374 mm and 1067 gC m−2 year−1 ,
respectively. About 82% of precipitation is compensated
by vegetation and soil, leaving 18% for people and
ecosystem’s other use. About 60% of ET is contributed
by vegetation and the WUE is 2.86 gC m−2 mm−1 .
Both ET and GPP displays obvious spatial pattern.
For water body, wetland and rice fields, the annual
mean ET is larger than precipitation, while for crop
land, shrub, grassland and forest, the annual mean ET
is lower than precipitation, all presenting different but
good relationship between ET and precipitation. There
is a unified good relationship between precipitation and
GPP across all the LUCs (Water body is not considered),
implicating that the role of precipitation on GPP is larger
than the role of precipitation on ET.
Int. J. Climatol. 34: 1945–1963 (2014)
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Over the years from 2000 to 2010, the cumulative
NDVI values in the growing seasons experienced a
trend of increasing (R 2 = 0.25), which was principally
attributed to the croplands in the study basin. Annual
GPP was showing no significant trend. ET showed an
increasing trend for cropland and grassland, a decreasing
trend in water body and wetland, no significant trend for
other vegetation types and weakly increasing trend for the
whole basin. Annual ET and GPP to climatic variability
were different, namely ET roughly following precipitation, whereas GPP was more regulated by radiation input
than precipitation. WUE (ratio of annual GPP to ET) was
negatively related with annual precipitation and weakly
positive with radiation.
Overall, the spatial variability of ET and GPP, in
terms of the CV, is larger than the interannual variability.
The order of spatial variability is Ec (CV = 0.23) > P
(0.22) > GPP (0.19) > Ec (0.15) > Rn (0.05). The order
of interannual variability is P (0.13) > Ec (0.055) > ET
(0.05) > Rn (0.037) > GPP (0.019) > NDVI (0.01). The
highest spatial variability of ET and GPP in grassland
among the nine LUC types implies the incurring problem
of degradation in western part of the basin. The low
spatial variability in paddy is the results of agricultural
managements.
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