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We evaluate the modelling of carbon fluxes from eddy covariance (EC) tower
observations in different water-limited land-cover/land-use (LCLU) and biome types
in semi-arid Inner Mongolia, China. The vegetation photosynthesis model (VPM)
and modified VPM (MVPM), driven by the enhanced vegetation index (EVI) and
land-surface water index (LSWI), which were derived from the Moderate Resolution
Imaging Spectroradiometer (MODIS) surface-reflectance product (MOD09A1), were
used to model and validate the temporal changes in gross primary production (GPP)
from the EC towers during the 2006 and 2007 growing seasons. The annual GPP pre-
dicted by the VPM model (GPPypy\) was predicted reasonably well in 2006 and 2007 at
the cropland (coefficient of determination, R = 0.67 and 0.71, for 2006 and 2007,
respectively) and typical steppe (R*> = 0.80 and 0.73) sites. The predictive power of
the VPM model varied in the desert steppe, which includes an irrigated poplar stand
(R* = 0.74 and 0.68) and shrubland (R*> = 0.31 and 0.49) sites. The comparison
between GPP obtained from the eddy covariance tower (GPPyoye;) and GPP obtained
from MVPM (GPPyvpm) (predicted GPP) showed good agreement for the typical steppe
site of Xilinhaote (R*> = 0.84 and 0.70 in 2006 and 2007, respectively) and for the
Duolun steppe site (R*> = 0.63) and cropland site (R*> = 0.63) in 2007. The predic-
tive power of the MVPM model decreased slightly in the desert steppe at the irrigated
poplar stand (R?> = 0.56 and 0.47 in 2006 and 2007 respectively) and the shrubland
(R? =0.20 and 0.41). The results of this study demonstrate the feasibility of modelling
GPP from EC towers in semi-arid regions.

1. Introduction

Estimating regional carbon fluxes and stocks is an emerging research priority because
of their substantial variability among regions across the globe (IPCC 2007). Two widely
applied approaches to carbon flux estimation are (1) remote sensing of land-surface prop-
erties (e.g. described by Xiao et al. (2011)) and (2) applications of ecosystem models (e.g.
by Jung et al. (2010)). Here, we focus on the grassland region of Inner Mongolia, China.
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Grasslands, which account for 32% of global vegetation (Parton et al. 1995), are under seri-
ous pressure in Asia from the coupled effects of climate change and a growing population
(Ojima et al. 1998). Semi-arid grasslands in northern China, most of which are in Inner
Mongolia, make up 41% of the country’s land area, and are especially prone to degrada-
tion on account of the consistent warming trends in Northeast Asia over the past 50 years
(Chase et al. 2000; Lu et al. 2009) and an increase in grazing-related economic activities
(Kang et al. 2007). These climatic changes (Zhai et al. 1999; Hu, Yang, and Wu 2003; Zhai
and Pan 2003) have affected the productivity and stability of these semi-arid grasslands,
which are under increasing pressure from an intensification of overgrazing and irrigated
agriculture leading to their degradation and desertification (Zhou, Wang, and Wang 2002;
Christensen et al. 2004; John et al. 2009). Such degradation has led to a dramatic mod-
ification of biophysical properties, which include albedo, leaf area index (LAI), surface
roughness, soil water holding capacity, and soil moisture content, which have the potential
to bring about significant changes in the regional climate (Li et al. 2000; Chen et al. 2009;
Miao et al. 2009). Although grasslands play an important role in carbon sequestration, there
have been very few attempts to model carbon and water fluxes in arid and semi-arid areas
(Baldocchi et al. 2001).

The eddy covariance (EC) method, used for continuous, automated, on-site obser-
vations of carbon, water, and energy fluxes, has helped to obtain timely net ecosystem
exchange (NEE) data that, in turn, provide gross primary production (GPP) and ecosys-
tem respiration (R.) estimates (Falge et al. 2002). Although the EC technique is meant
to represent various types of terrestrial ecosystems, a major limiting factor is that the
sampling footprint is limited to a kilometre or less (Osmond et al. 2004). In addition,
these measurements are limited to homogenous, flat terrain, while logistic issues hin-
der the installation of sensors, especially in remote areas (Running et al. 1999). Satellite
remote-sensing data provide a practical and objective method to obtain synoptic cover-
age of the spatio-temporal dynamics of ecosystems. In the recent past, many studies have
attempted to effectively model estimates of GPP from EC towers using remote-sensing
data to estimate the regional carbon budget (Aalto, Ciais, and Chevillard 2004; Turner
et al. 2006; Xiao et al. 2011). Remote-sensing-based studies (terrestrial uptake and release
of carbon (TURC), Moderate Resolution Imaging Spectroradiometer daily photosynthe-
sis (MODIS-PSN), and the Global Production Efficiency Model (GLO-PEM)) have used
ecosystem production efficiency to estimate GPP at regional scales (Goetz et al. 1999;
Ruimy, Kergoat, and Bondeau 1999; Running et al. 2004). Although satellite remote sens-
ing can estimate aboveground estimates of GPP or net primary production (NPP) through
light-use efficiency (LUE) models that use direct measurements of vegetation indices
derived from surface reflectance of the vegetation canopy, it cannot validate ecosystem res-
piration or NEE as respiration is obtained indirectly from process-based models that use the
Q10 function, which is an indication of temperature sensitivity and soil moisture (Running
et al. 1999). Production efficiency models (PEMs) usually estimate GPP as a product of
photosynthetically active radiation (PAR) (the amount of incident solar radiation reach-
ing the canopy; McCree 1972), canopy fPAR (fraction of PAR absorbed by the canopy),
and LUE (g,). These models usually consider fPAR as a linear function of the normalized
difference vegetation index (NDVI) (Tucker 1979). However, the traditional use of NDVI
to model GPP is constrained by its sensitivity to soil background signature in semi-arid
regions with 50% fractional cover (Huete et al. 2002). A satellite remote-sensing-based
vegetation photosynthesis model (VPM) has been developed and tested for GPP modelling
in different ecosystems that include evergreen conifers, temperate deciduous forest, sea-
sonal tropical forests, and alpine meadows (Xiao et al. 2004a, 2004b, 2005; Li et al. 2007).
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The VPM model is an improvement over legacy NDVI-driven PEMs in that it uses the
enhanced vegetation index (EVI) as a function of fPAR. VPM also uses the land-surface
water index (LSWI) along with in situ measurements of air temperature (7',) and PAR from
EC towers.

In addition to validating GPP estimates of the VPM model, we also tested the modelling
ability of our modified VPM (MVPM), which runs solely on MODIS-derived biophysical
variables that are independent of EC tower measurements. This model offers a cost-
effective method of obtaining an estimate of GPP when an EC tower or climate station
is not readily available at the site of interest. Since the modelling of carbon fluxes has not
been extensively evaluated or applied in arid and semi-arid grassland ecosystems, we chose
a network of EC tower sites across the temperate semi-arid steppe in Inner Mongolia as our
field study area. The objectives of this research are to (1) evaluate the response of vege-
tation indices (EVI and NDVI) to the seasonal dynamics of carbon exchange in semi-arid
grassland ecosystems, (2) further evaluate the ability of the VPM model for estimating
the primary productivity of semi-arid grassland ecosystems, and (3) test and validate the
MVPM model, independently of the EC tower measurements. This study provides valida-
tion of two broadly used GPP models in semi-arid regions in both natural and agricultural
ecosystems.

2. Methods
2.1. Study sites

This study was conducted in Inner Mongolia, China, characterized by the continental, semi-
arid monsoon climate of eastern Eurasia, with a growing season that starts in April and
ends in early October. Our study sites consist of a network of five EC towers in (1) a
typical steppe (DO1) and cropland (D02) tower pair in Duolun, (2) a heavily grazed steppe
at Xilinhaote (X03), and (3) a pair of EC towers in the desert steppe at Kubugqi with one
tower in an irrigated poplar stand (K04) and the other in the surrounding shrubland (KO05)
(Figure 1, Table 1).

The Duolun sites are located within the Duolun Restoration Ecology Research Station,
of which ~50 ha has been fenced off since 2001 to exclude grazing. The Duolun EC tow-
ers are located in an agro-pastoral typical steppe with long-term climatic data indicating
an annual mean temperature of 5.2°C and with mean monthly temperatures ranging from
—15.9°C in January to 19.9°C in the peak growing season. The mean annual precipitation is
399 mm with maximum precipitation in July or August. The typical steppe is dominated by
Stipa krylovii, Artemisia frigida, Cleistogenes squarrosa, and Leymus chinensis and is char-
acterized by an annual precipitation of 350 mm or less (Kang et al. 2007). The cropland
site was previously a typical steppe until it was converted to agricultural fields in which
Triticum aestivum L., Avena nuda L., and Fagopyrum esculentum Moench are planted in
mid-May and harvested in mid-September. The EC tower in Xilinhaote is also located in the
typical steppe where livestock grazing is the primary land use with heavy degradation of the
steppes due to overgrazing. The mean annual temperature here is 7.2°C, with January and
July being the coldest and hottest months (—22.3 and 18.8°C, respectively). The EC tow-
ers are within a fenced area of the Inner Mongolia Grassland Ecosystem Research Station
(IMGERS, Chinese Academy of Sciences) and have an annual precipitation of 400 mm.

The two Kubugqi towers were erected in a 3 year-old poplar plantation and the sur-
rounding shrubland. This region is around 400 km long and 50 km wide, between the
southern bank of the Yellow River and the northern portion of the Ordos plateau (~1000 m
a.s.l.). The desert steppe is characterized by the continental type of climate with an annual
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Figure 1. Land-cover land-use (LCLU) map of Inner Mongolia, People’s Republic of China, over-
laid with terrestrial ecoregion biome boundaries, desert (D), grassland (G), forest (F), and flux tower
sites in Duolun (D01 and D02), Xilinhaote (X03), and Kubugqi (K04 and K05); units are in kilometres.

precipitation of 150-200 mm. Mean monthly temperatures range between —11°C and 24°C
in January and July, respectively, based on data from nearby meteorological stations from
1957 to 2000 (Nos. 53336, 53446, 53513, 53529, 53543; China Meteorological Data
Sharing Service System, http://cdc.cma.gov.cn, China Meteorological Administration).
As a dune stabilization measure, ~200 km? were planted with poplar in 1998 (Wilske
et al. 2009). These young poplars have a mean height of 1.5-2.0 m with an intercrop of
Glycyrrhiza uralensis Fisch. The plantation near the EC tower covered an area of 3.73 km?.
Tree height and LAI varied greatly as some trees had grown to a height of 4 m, whereas
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Table 1. Site location and characteristics of five flux towers in Inner Mongolia, China, in
2006-2007.

Annual rainfall Mean annual

Location (mm) temperature (°C)

Latitude  Longitude  Altitude

Site Vegetation (°N) (°E) (m) 2006 2007 2006 2007
DOl Duolun steppe 42.046667 116.283610 1350 423.0 199.0 38 35
D02 Duolun cropland  42.045556 116.279722 1350 414.0 190.0 52 34
X03 Xilinhaote steppe  43.554444 116.671389 1250 190.0 1704 7.2 4.2
K04 Kubugqi poplar 40.563333 108.745000 1020 152.0 1804 11.0 8.4
K05 Kubugqi shrubland 40.451667 108.625000 1160 226.0 197.0 10.6 7.7

others exhibited stunted growth. The water table varied between 1 and 4 m deep, depend-
ing on the height of the sand dunes. The poplar plantation is provided with drip irrigation
during droughts, with irrigation periods lasting for about 11 hours. Water equal to pre-
cipitation of 1.46 mm was supplied during each period — nine times from April through
September, 2005. Drip irrigation in 2006 was provided twice in April, once in May, and
once in June, with similar frequency in 2007.

The second EC tower at Kubugqi is located 20 km south of the poplar plantation tower in
a native shrubland. The shrubland matrix is dominated by shrub species Artemisia ordosica
Krasch and Hedysarum mongolicum Turcz. The Artemisia ordosica found here is a decidu-
ous shrub with a height of 0.6—1.0 m (Wilske et al. 2009) with fractional cover of 15-23%.
It is important to note that the soil moisture at the Kubuqi shrubland tower site was twice
as high as the irrigated poplar site (Wilske et al. 2009).

The EC flux towers at the aforementioned sites measured fluxes of carbon dioxide
(CO»), latent heat, and sensible heat at 4 m height (Chen et al. 2009). The flux data were
processed with EC_Processor (Noormets, Chen, and Crow 2007) using a planar fit coor-
dinate rotation (Wilczak, Oncley, and Stage 2001) that included temperature and pressure
corrections for sonic temperature (Schotanus, Nieuwstadt, and De Bruin 1983), air den-
sity (Webb, Pearman, and Leuning 1980), and additional heat flux (Burba et al. 2008)
corrections for turbulent fluxes. Daily totals of NEE, R., and gross ecosystem productiv-
ity (GEP) were calculated from quality-checked (Foken and Wichura 1996) and gap-filled
data using non-linear functional regression models (Moffat et al. 2007). Different parame-
terizations of the light- and temperature-response functions were used for the active and
dormant seasons, which were delineated according to soil temperature at 5 cm with a
threshold of 3°C. Additional meteorological data measured at each site included net radi-
ation, PAR, temperature, and relative humidity at 30 min intervals. The flux tower data
were collected half-hourly, with 26-33% data coverage in 2006 and 34-26% data cov-
erage in 2007, which were not gap-filled, with 80% of all gaps occurring in night-time.
The gap-filled data compared favourably with other studies that used the same flux towers
(Chen et al. 2009; Miao et al. 2009). Falge et al. (2001) reported that random error for day-
time NEE estimates was 3.5-20% and the time-integrated error for annual estimates was
8.3—11%. Meteorological data collected at the towers were checked against independent
measurements by nearby meteorological stations operated by the China Meteorological
Administration. These include station 54208, 22 km northeast of DOl and D02; station
54102, 60 km northwest of X03; station 53336, 118 km north of K04; and station 53529,
151 km southwest of K05.
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2.2. Satellite data

We analysed a time series of imagery from the morning overpass of the MODIS sensor
aboard the Terra satellite (crossing the equator at 10:30 AM). We acquired 8 day compos-
ites of MODIS-derived surface reflectance (MOD09A1 v005) from the NASA Warehouse
Inventory Search Tool data gateway (https://wist.echo.nasa.gov/api/). Of the seven spectral
bands in MODO09A1 used to study vegetation and land-surface properties, we used the blue
(459479 nm), green (545-565 nm), red (620670 nm), near-infrared (NIR) (841-875 nm),
and shortwave infrared (SWIR) (1628—1652 nm) bands to derive the spectral indices (EVI,
NDVI, and LSWI) for the VPM and MVPM models. In addition, we acquired 8 day com-
posites of MODIS-derived biophysical variables such as GPP (MOD17A2 v005), fraction
of photosynthetically active radiation (fPAR) (MOD15A2 v005), and land-surface temper-
ature (LST) (MOD11A2 v005). The improved GPP data from the University of Montana’s
Numerical Terradynamic Simulation Group (NTSG) were used in addition to the latest
Collection 5 version of MODIS fPAR (MOD15A2 v005), instead of the older, Collection
4 version of MOD17A2, which is sensitive to cloud and aerosol contamination in the
Collection 4 fPAR/LAI product (Zhao et al. 2005). The MODIS GPP (GPPpopis) is
calculated based on an LUE model (Running et al. 2004):

GPPpropis = €max(Tmin) X m(VPD) x (fPAR) x (SW) x 0.45, (1)

where &, is the maximum LUE and m (7T, ) and m(VPD) are scalars that lower &, under
stressful conditions of low temperature and high vapour pressure deficit (VPD), respec-
tively. SW is the shortwave radiation component, and fPAR is the fraction of PAR. While
Emax 18 derived from a lookup table, T'in, VPD, and SW are obtained from coarse resolution
NASA Data Assimilation Office (DAO) datasets.

2.3. VPM model
2.3.1.  Vegetation photosynthesis model

The fraction of light absorbed by the canopy (fPARcanepy) 1s partitioned into the fraction
of light absorption by chlorophyll (fPAR.y) and non photosynthetic vegetation (NPV)
(fPARypv). Based on this, Xiao et al. (2004a, 2004b) developed the VPM model, which
differs slightly from the MODIS GPP equation. Instead of the BPLUT lookup table, which
in turn was derived from the BIOME-BGC model (Turner et al. 2005), the LUE, &, is
obtained from remote-sensing inputs and meteorological inputs as follows:

GPP = &, x (fPAR) x (PAR), 2)

Eg =& Tiscatar Wcalar Pscalar 3)

where PAR is the photosynthetically active radiation (wmol m~2 s~!), fPARg, is the frac-
tion of PAR absorbed by chlorophyll, and &, is the LUE (umol CO, PAR™!, i.e. the
amount of carbon dioxide that vegetation can produce per unit energy). The parameter
go is the maximum LUE (umol PAR) and T'scatar, Wicalars and Pgealar are the regula-
tion scalars for the effects of temperature, water, and leaf phenology on the LUE of
vegetation.

The input data for simulation of the VPM model include remote-sensing data (e.g.
from MODIS or the Systeme Pour I’Observation de la Terre (SPOT) vegetation sensor), air
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temperature, PAR, and vegetation type (deciduous and evergreen, C3 and C,4 plants). It was
proposed that fPAR.y; can be estimated as a linear function of the EVI, which uses surface-
reflectance values (where ppir, Ored, and pppe are the reflectances in the near-infrared, red,
and blue bands, respectively). The coefficient a is set to 1.0 (Xiao et al. 2004a, 2004b).

JPARy = a x (EVI), “4)

EVI = Prir — Pred '
Pnir + 6:0blue - 7~5:0red +1

(6))

Because the short-infrared spectral band is sensitive to vegetation water content and soil
moisture, a combination of NIR and SWIR bands have been used to derive water-sensitive
vegetation indices, including the LSWI. LSWI values vary from —1 to +1.

Pnir — Pswir

LSWI = R
Pnir + Pswir

(6)

where pgwir is the reflectance in the short wave-infrared. As leaf liquid water content
increases or soil moisture increases, SWIR absorption increases and SWIR reflectance
decreases, resulting in an increase in LSWI. Recent work in evergreen needleleaf as well
as temperate broadleaf forests has shown that LSWI is sensitive to changes in leaf water
content (equivalent water thickness) over time (Xiao et al. 2004a, 2004b).

W scatars Tscalars and Pgealar are down-regulation scalars that describe the effects of water,
temperature, and leaf phenology, respectively, on the LUE of vegetation. The seasonal
dynamics of W, are obtained as:

1 + (LSWI)

Wicalar = ——— e,
scalar 1+ (LSWI)max

(7

where LSW1,,x is maximum LSWI of the growing season. T's,jar is @ measure of the sen-
sitivity of photosynthesis to temperature, calculated at each time step using the equation
developed for the Terrestrial Ecosystem Model (Raich et al. 1991):

(T - Tmin)(T - Tmax)
[(T - Tmin)(T - Tmax)] - (T - Topt)2 ’

®)

Tscalar =

where Tmin, Tmax, and Tope are minimum, maximum, and optimal temperatures (0°C) for
photosynthesis, respectively. If air temperature falls below 7' pnin, Tscalar 1S S€t t0 zero. Pgcalar
accounts for the effects of leaf phenology on photosynthesis at the canopy level.

1 + (LSWI)

5 ©)

Pycalar =

The calculation of Py, is dependent upon the longevity of the leaves (deciduous when
compared to evergreen). Since a grassland canopy has new leaves through the growing
season, the value of Py, 1S set to 1.
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2.3.2.  VPM model parameterization

The VPM model has four important parameters: (1) maximum LUE; (2) the effect of tem-
perature on vegetation photosynthesis (7'scalar) as governed by minimum, maximum, and
optimal temperature measurements; (3) the effect of water on photosynthesis (W catar),
which is represented by the maximum LSWI of the growing season; and (4) the effect
of phenology (Pscalar) 0N photosynthesis.

The LUE (¢&,) varies by ecosystem type and can be obtained through meta-analysis from
the published literature or can be estimated through a nonlinear regression of site-specific
NEE with PAR data within the growing season (Xiao et al. 2004a, 2004b; Li et al. 2007).
Maximum LUE (&) varies with vegetation type and can be obtained from the NEE of CO,
flux and incident PAR. We derived maximum ¢ for the different ecosystem types through
nonlinear models with the best fit based on the Michaelis—Menten function between NEE
and PAR during the peak period of the active growing season (Table 2).

T'scalar Was obtained by analysing the relationship between temperature and daily GPP.
Temperature is an important control on GPP, as a sufficient but not extreme temperature is
required for photosynthesis. Photosynthesis increases until an optimal temperature range,
beyond which it begins to decrease. This optimal range is quite large, and we established the
limiting temperatures based on the relationship between photosynthesis and air temperature
measured at the tower sites. In 2006, we estimated a minimum temperature of 1°C and an
optimal temperature of 17°C, with a maximum temperature of 29.7°C at D01, 30.7°C at
D02, 31.7°C at X03, 35.8°C at K04, and 37.7°C at K05. In 2007, we estimated a mini-
mum of 1°C temperature, whereas optimal temperatures ranged between 18.5°C at DO1 and
23.5°C at K05. The maximum temperatures in 2007 were 23.9°C at D01, 28.1°C at D02,
29.4°C at X03, 27°C at K04, and 27.4°C at KOS5 (Table 2).

W scalar 18 obtained through the selection of the site-specific maximum LSWI value
(LSIW4x) in the active growing season. We did not use the annual LSW1,,,x as winter
LSWI values are extremely high, owing to snow cover and are therefore excluded. In 2006,
LSWI,,,,x varied among sites with peak values of 0.2 in the Duolun steppe, 0.2 in the Duolun
cropland, and —0.01 in the Xilinhaote grassland on 28 July 2006. In the desert steppe, max-
imum LSWI values were —0.05 in K04 and 0.05 in K05 on 22 September and 29 August,
respectively. LSWI,,x in 2007 varied between sites with values of 0.04 in D01, 0.08 in
D02, and —0.003 on 28 July, 21 August, and 5 August, respectively. In the desert steppe,
LSWI,.x 0f 0.008 at K04 and —0.035 at KOS5 were reached on 20 July (Table 2).

Pgcaar accounts for the effects of phenology on photosynthesis at the canopy level.
The calculation of Py, is dependent upon the longevity of the leaves (deciduous vs.

Table 2. Site-level parameters used in VPM model that include maximum air temperature
(T2 max ), optimal air temperature (7’ opimal), maximum LUE, LSWI,,,, and associated standard error
estimates.

Ta max Ta optimal LUE (“-mOl COZ m72 Sil) LSWImax

Site 2006 2007 2006 2007 2006 SE 2007 SE 2006 2007

D01 29.6 171 17.0 185 0.0327 0.0040 0.0233 0.0144 0.22 0.040
D02 30.67 28.1 17.0 235 0.0318 0.0047 0.0314 0.0146 0.22 0.080
X03 31.72 255 17.0 23.0 0.0416 0.0063 0.0473 0.0100 —-0.01 —0.003
K04 3585 231 17.0 22.0 0.0723 0.0246 0.0330 0.0090 —0.05 0.008
K05 3771 294 17.0 235 0.1166 0.0466 0.0330 0.0431 0.05 —0.035
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evergreen). Since a grassland canopy has new leaves throughout the growing season, the
Pgcatar 1s set to 1 for DO1, D02, and X03. However, for the irrigated poplar stand and shrub-
land sites, K04 and K05, we computed Pgcq,r as a linear function of LSWI from budburst
to leaf expansion, after which it is set to 1.

2.4. Modified vegetation photosynthesis model

The model is based on the LUE models, where GPP is linearly related to the product
of PAR and the efficiency with which the absorbed light is used to fix carbon (Running
et al. 2004). Early LUE models (Monteith 1972) assumed that LUE was constant; however,
recent studies have shown that LUE varies considerably across ecosystem types and envi-
ronmental stochasticity such as drought and diffuse albedo (Ruimy, Saugier, and Dedieu
1994). GPP models generally estimate LUE through the use of lookup tables of LUE for
a given biome type (Running et al. 2004). This can lead to errors owing to the coarse res-
olution (1.00° x 1.25° pixels) in the meteorological data from the DAO and the spatial
mismatch with the higher resolution (1 km) of the MODIS GPP data (Zhao et al. 2005).
It would be much simpler, from a processing point of view, to create a GPP model based
entirely on remotely sensed data of similar resolution and of the same spatial scale.

Previous studies have suggested that independent measures of LUE were unneces-
sary as they found good correlations between satellite-derived spectral indices with carbon
fluxes as well as with LUE (Sims et al. 2006a). Although most of the early studies showing
good correlations between spectral indices and primary productivity were integrated over
growing season composites (Goward, Tucker, and Dye 1985), it remains unclear to what
extent short-term variability in carbon fluxes can be estimated through spectral indices
(Sims et al. 2006b). Although some GPP modelling studies in semi-arid areas using cor-
relations between NDVI and carbon fluxes have been carried out (Wylie et al. 2003),
they have not been measured extensively across different ecosystem types (Sims et al.
2006b).

An important limitation of the VPM model is that it is not entirely independent of
ground-based sensor measurements such as PAR and temperature. We studied the feasibil-
ity of replacing these variables with MODIS-derived GPP, fPAR, and LST products. In the
following equation, we modify GPPy\iopis by multiplying it with a suite of MODIS-derived
variables, EVI, LSWI, and LST, which are surrogates of productivity, water content, and
temperature, respectively, and then dividing the product with fPAR yopis. We based this
on Monteith’s (1972) widely accepted LUE model, where LUE = (GPP)/(fPAR) x PAR.

We include LSWI and LST as down-regulation scalars of GPP as our study area is
predominantly a water-limited semi-arid ecosystem. Although the inclusion of LSWI as
a down-regulation scalar draws from the VPM model, we included the LST based on the
temperature and greenness model (Sims et al. 2008), which found a strong correlation
between both VPD and PAR with surface temperature and is said to have substantially
improved predictions of GPP when compared to the standard MODIS GPP product.

GPPyvem = [In(GPPyops) X (EVI) x (LSWI) x (LST)]/ (fPARmoDIs) - (10)

We log-transferred GPPyopis in our regression analysis because tower GPP may reflect
only a fraction, and possibly a nonlinear relationship with GPPyop1s, which is an aggregate
measure over the 8 day period.
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2.5.  Uncertainty analysis

We used three metrics to evaluate the performance of the VPM and MVPM models as well
as GPPyopis. They include: (1) the coefficient of determination (R*), which represents
the amount of observational variance explained by the regression model; (2) predictive
error (PE), which is a measure of the difference between observed and predictive values;
and (3) root mean square error (RMSE), which is the standard error of the estimate in
regression analysis and a measure of precision. We compared GPPyopis, GPPypy, and
GPPyvpm With GPP obtained from eddy covariance tower (GPPy,y.) seasonally integrated
sums during the active growing season (May—October) and at annual intervals. We validated
the accuracy of the two satellite-derived GPP models and MODIS products with emphases
on maximum values and annual and interannual variations. In addition, we evaluated the
different sensitivities of EVI and NDVI to GPPyy.; using the procedure outlined in Gitelson
(2004). We used Equation (11):

S = [d(EVI)/d(NDVI)] x [A(EVI)/A(NDVD)]™, (11

where d(EVI) and d(NDVI) are the first derivatives of the indices with respect to GPPygyer
and AEVI = (EVD)ax — (EVD)min and A(NDVI) = (NDVID)ax — (NDVI) iy are the differ-
ences between the minimum and maximum vegetation index values in the growing season.
Values of S < 1 could be interpreted as NDVI being more sensitive than EVI, and values of
S > 1 indicate that EVI was more sensitive to GPP.;. The sensitivities of both EVI and
NDVI were considered to be equal when S = 1.

It is a widely recognized fact that parameter estimation in biophysical models is
susceptible to various sources of uncertainty (Aber 1997), and in the absence of field mea-
surements for all of the parameters, we relied on the published literature to provide error
estimates for some of the MODIS standard products used in the VPM and MVPM mod-
els. The MVPM model is based on vegetation and water content indices, EVI and LSWI,
derived from Collection 5 surface reflectance (MODO09A1V005), which is atmospherically
corrected to reduce attenuation due to aerosol scattering and gaseous absorption (Vermote,
El Saleous, and Justice 2002). A maximum value compositing (MVC) technique is used to
screen for poor quality pixels resulting from extreme off-nadir look angles and cloud cover
(Vermote, El Saleous, and Justice 2002). The quality of MODO09A1 Collection 5 has been
significantly improved when compared to Collection 4 and was validated at 150 Aerosol
Robotic Network (AERONET) sites (Vermote and Kotchenova 2008). Error estimates for
MODO09A1 from Terra were reported to be £0.005 + 5% and the percentage of good obser-
vations of MODIS bands 1, 2, 3, 4, 5, 6, and 7 were 88.66%, 94.34%, 50.52%, 79.34%,
96.50%, 97.87%, and 98.62%, respectively (Vermote and Kotchenova 2008). The study
also obtained error estimates for vegetation indices derived from the MODO09 product with
up to 97.11% of NDVI values and 93.64% of EVI values falling within the one-sigma error
bar: £0.02 4+ 0.02(VI), where VT’ is the vegetation index (Vermote and Kotchenova 2008).

The LST (MOD11A2V005), defined as the radiance emitted by the land surface as
measured by MODIS, has been validated extensively over different land-cover types, which
include lakes, grassland/rice fields in California, and silt playas in New Mexico, with errors
of 0.2 K, 0.5 K, and 0.9 K, respectively (Wan, Zhang, and Li 2002). It is important to note
that LST or T, differs from air temperature (7,i;), although both are complementary in
climate change studies (Jin and Dickinson 2010). This difference was highlighted by Wan
et al. (2004) and Wan (2008), where LSTs differed from in situ measurements at a silt
valley playa at Railroad Valley in Nevada, USA, as surface emissivities in semi-arid and
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arid regions can often be overestimated, especially in bare soil sites. A major improvement
in Collection 5 MODIS LST was that cloud-contaminated pixels were kept to a minimum
with accuracy compared to in situ measurements being within 1 K with an RMSE of 0.7
(Wan 2008).

We used MODIS fPAR Collection 5, which is a significant (MOD15A2V005) improve-
ment over the Collection 4 product version that utilized a turbid medium radiative transfer
model to estimate LAI, fPAR, and Collection 3 land-cover product (Shabanov et al. 2007).
Turner et al. (2006) stated that rigorous validation of MODIS fPAR was done at only a few
sites (e.g. northern Senegal, Australia, etc.), mostly in ecosystems with low fPAR (Fensholt,
Sandholt, and Rasmussen 2004; Kanniah et al. 2009). Some of the drawbacks of these
validations were that LAl measurements were converted to fPAR based on Beer’s law,
without taking into account the canopy structure or solar geometry (Turner et al. 2006).
Although Collection 4 MODIS fPAR successfully tracked seasonal variations (Fensholt,
Sandholt, and Rasmussen 2004) and was sensitive to changes in vegetation following dis-
turbance like fire (Kanniah et al. 2009), it overestimated in sifu measurements with an
overall offset of 0.22, with the highest values estimated in a range of 0.06-0.15, i.e. approx-
imately 10-20% in Sahelian grasslands (Fensholt, Sandholt, and Rasmussen 2004). The
Collection 5 MODIS fPAR product used a new stochastic radiative transfer (RT) model,
which allowed for a better characterization of canopy structure and spatial heterogeneity
and used a new Collection 4 land-cover product (Shabanov et al. 2007). A new Biome
Parameter Lookup Table in Collection 5 ensured the consistency between measured and
simulated MODIS surface reflectance, with uncertainty levels for spectral bands, result-
ing in minimal overestimation of LAI and fPAR over sparse vegetation (Shabanov et al.
2007).

3. Results
3.1. Seasonal dynamics of vegetation indices and tower GPP

The seasonal dynamics of GPP are driven by temperature and PAR in these temperate
steppes with GPPyy., values near zero in the winter season — day-of-year (DOY) rang-
ing from 1 to 113 and from 297 to 365 — owing to the absence of photosynthetic activity
(Figure 2). The GPPyyy time series for 2006-2007 had a seasonal cycle with distinct dif-
ferences in phase and amplitude (Figure 3). There were temporary decreasing trends in the
GPPyoye; time series (Figure 3), owing to low temperature and low values of PAR during
rainy days (Figure 2).

The growing season began on 23 April (DOY 113) with an increase in PAR and air
temperature leading to growth in vegetation and a subsequent increase in the ecosystem’s
photosynthetic capacity (Figure 2). EVI and NDVI follow the increase in GPPyyy, closely
until the growing season peak is reached in late July (DOY 185-217), after which the
GPPyower declines. There is a subsequent decrease in EVI and NDVI, as vegetation senesces
with a decrease in temperature and PAR availability.

The relative sensitivity of the EVI and NDVI dynamic ranges in response to changes
in GPPyyyer showed that all five sites had S values greater than 1 in both the 2006 and
2007 growing seasons, indicating that the EVI was slightly more sensitive to changes in
GPPyower than NDVI was, with the exception of X03 in 2007, where S was equal to 0.95
(Table 3). It is important to note that K04 and K05 in the desert steppe had higher S values
than the other sites (i.e. EVI was more sensitive to GPPyy,, than NDVI was at the xeric
sites).
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Figure 2. Seasonal changes for growing seasons of 2006 and 2007 in PAR and air temperature (7',)
in (a) Duolun steppe, (b) Duolun cropland, (c¢) Xilinhaote steppe, (d) Kubuqi poplar plantation, and
(e) Kubuqi shrubland.

The photosynthetic capacity of the different land-cover/land-use (LCLU) types varied
between the two years. In 2006, D01 and D02 had peak values of 3.07 g C m2day~! (grams
of carbon per square metre per day) and 8.71 g C m2day~' (Figures 3(a) and (b)), respec-
tively, while their total GPPyer was 40.00 and 77.00 g C m2 year™', respectively. The
X03 site had a peak value of 3.00 g C m2day ! (in July (Figure 3(c)) and a total GPP gy
value 0f49.62 g C m2 year . The K04 and K05 sites had peak GPPyyy, values of 2.97 and
141gC m’Zday’1 (Figures 3(d) and (e)), while their total GPPy.; values were 45.44 and
30.24 g C m year' in the annual growing season, respectively (Table 4).

In contrast, GPPyyer in 2007 was slightly less compared to 2006. This difference
is especially true for D01 and D02, with peak values of 1.30 and 1.90 g C m2day !,
respectively (Figures 3(a) and (b)), with annually integrated GPPyoyer values of 24.00 and
27.65 g C m2 year !, respectively (Table 4). The 2007 peak season in X03 was reached a
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Figure 3. Seasonal changes in observed GPPiy., and MODIS-derived NDVI and EVI in (a)
Duolun steppe, (b) Duolun cropland, (¢) Xilinhaote steppe, (d) Kubuqi poplar plantation, and
(e) Kubuqi shrubland.

Table 3. The relative sensitivity of EVI and NDVI to changes in GPPjgyer,
expressed by the function, S = [d(EVI)/d(NDVI)] x [A(EVI)/A(NDVD)] ™.

Site 2006 2007
DO1 1.151 1.136
D02 1.018 1.027
X03 1.065 0.952
K04 1.370 1.054
K05 1.358 1.235

Notes: Values of S < 1 indicate that NDVI is more sensitive than EVI, whereas values of
S > 1 indicate that that EVI was more sensitive to changes in GPPyower. The sensitivities
of both EVI and NDVI were considered to be equal when S = 1.
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month later in August with a growing season peak value of 3.43 ¢ C m2day ! (Figure 3(c))
and an annual value of 50.14 g C m™ year! (Table 4). The lagged 2007 peak season seems
evident in the K04 and K05 sites with peak values, in August, of 1.80 and 1.15 g C m2day!
(Figures 3(d) and (e)) and an annual GPP,yy, values of 39.12 and 25.40 g C m 2 year !,
respectively (Table 4). Integrated GPP oy values in the 2007 active growing season for the
months of May—October (Table 4) were significantly lower in D01, D02, and K04 when
compared to 2006. However, there were no significant differences in GPPyyye, values for
X03 or K05 in 2006 or 2007.

The intra-annual seasonal dynamics of vegetation indices (i.e. EVI and NDVI derived
from the MODIS 8 day reflectance product) follow seasonal changes in vegetation but differ
in amplitude among the different LCLU types (Figure 3). The maximum NDVI values in
D01, D02, and X03 are in the range of 0.7-0.8, while the EVI values range between 0.5 and
0.6. Although the EVI and NDVI closely follow the 2006 and 2007 seasonal changes in
GPPyower at D01, D02, X03, and K04 with the peak season in late July, the vegetation
indices in the desert steppe KOS site lag behind GPPyy.; due to a delayed peak season in
response to rainfall in late August. The lag effect is especially obvious in 2007 for all five
sites with the peak season being reached at the end of August.

3.2. MODIS GPP validated by tower GPP

Linear regression analysis of GPPyopis With GPPyyer estimates showed reasonable agree-
ment and were statistically significant (»p < 0.01) (Table 5). Although there was a strong
correlation between GPPyoprs and GPPyy; at the X03 typical steppe site in both 2006 and
2007, modelling efficiency decreased in the K04 and KOS5 towers, explaining only 40%
of the variation at the desert steppe (Table 5). However, GPPyopis had an R? 0of 0.49 at
the KOS5 shrubland site in 2007, thus explaining 10% more of the variation than the
other desert steppe towers (Table 5). In the DOl mesic steppe site, GPPyopis explained
44% of the variation in GPPyye in 2006 and 61% in 2007. However, the regression
model explained 55% and 67% of GPPyy, variation in 2006 and 2007, respectively
(Table 5).

GPPyopis consistently underpredicted GPPyyyer at all five sites (Tables 4 and 5,
Figures 4-7), with the only exceptions being the DO1 typical steppe and D02 cropland in
2007 where the margin of error was minimal with PEs of —0.97 and —2.22 g C m™ year !,

Table 5. Comparison of model coefficient of determination (R?), RMSE from linear regression,
and PE of observed GPP. With predicted GPPypy and GPPyopis for five semi-arid LCLU types
(» <0.01).

MODIS GPP VPM GPP

2006 2007 2006 2007

Site  R? PE RMSE R? PE  RMSE R? PE RMSE R? PE  RMSE

D01 0.44 —10.67 051 0.61 —-097 039 044 2942 135 043 543 0.70
D02 0.55 —-47.67 052 0.67 -—-222 040 067 —4.04 122 071 2135 0.87
X03 0.82 —26.54 027 0.79 —2452 030 080 974 072 0.73 20.06 1.10
K04 0.40 -30.20 020 0.44 -2575 0.17 0.74 28.69 085 0.68 —10.61 0.42
K05 0.41 —-1851 020 049 —-16.01 0.12 031 56.04 202 063 —-6.09 0.20
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Figure 4. A comparison of the seasonal changes in observed GPPy,y.; with predicted GPPypy and
GPPyopis at five flux sites in 2006: (@) Duolun steppe, (b) Duolun cropland, (¢) Xilinhaote steppe,
(d) Kubugqi poplar plantation, and (e) Kubugqi shrubland. The Duolun steppe tower has missing data
in June and July.

respectively (Tables 4 and 5, Figure 6(a)). However in the previous year, GPPyopis under-
estimated GPPy,y. With a PE bias as high as —47.67 at D02 and was not able to capture the
rapid peak in GPP dynamics exhibited by the cropland site (Tables 4 and 5, Figure 4(b)).
GPPyi0pis underestimated GPPyoyer at the X03 typical steppe site where the predictive
bias was as high as —26.54 and —24.52 ¢ C m2 year ' in 2006 and 2007, respectively.
In the desert steppe, the K04 irrigated poplar stand showed greater PE bias, —30.20 and
—25.75 g Cm2 year!, in 2006 and 2007, respectively (Tables 4 and 5), when compared to
the KOS5 shrubland site (PE of —18.51 and —16.01 g C m2 year!) (Figure 6(e)).
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Figure 5. Linear regression of observed GPPyq.; with predicted GPPypy and GPPyjopys at five flux
sites in 2006: (a) Duolun steppe, (b) Duolun cropland, (¢) Xilinhaote steppe, (d) Kubuqi poplar plan-
tation, and (e) Kubugqi shrubland. The solid line shows regression analysis between GPPiqy., and
GPPypy, while the dashed line is the regression between GPPiqyer and GPPyopis product (»p < 0.01).
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Figure 6. Seasonal changes in observed GPPqy.: With predicted GPPypy and GPPyopys at five flux
sites in 2007: (@) Duolun steppe, (b) Duolun cropland, (¢) Xilinhaote steppe, (d) Kubuqi poplar
plantation, and (e) Kubugqi shrubland.

3.3. VPM model output and tower GPP

The VPM model is run on an 8 day time scale with EC tower inputs such as air tem-
perature and summed PAR in conjunction with satellite-derived vegetation indices. The
intra-annual dynamics of predicted GPPypy were compared with the observed GPPigyer
in 2006 (Figure 4) and 2007 (Figure 6). However, the reduced amplitude in 2007 when
compared to 2006 (Figure 3) might be attributed to relatively less precipitation in 2007
(Table 1). The cumulative rainfall in 2006 was almost twice that of 2007 for DO1 and D02,
20 mm more in the X03 typical steppe and ~29 mm at the K05 desert steppe sites (Table 1).
We reason that the difference in precipitation between 2006 (wet year) and 2007 (dry year)
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sites in 2007: (a) Duolun steppe, (b) Duolun cropland, (¢) Xilinhaote steppe, (d) Kubuqi poplar plan-
tation, and (e) Kubugqi shrubland. The solid line shows regression analysis between GPPyyy., and
GPPypy, while the dashed line is the regression between GPPiqyer and GPPyopis product (»p < 0.01).
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affect the interannual dynamics of LSWI, which is an important driver of the VPM and
MVPM models.

A linear regression of GPPypy with GPPygyer as the dependent variable shows reason-
able agreement and explains a significant amount of the variation (Table 5, Figures 5 and 6).
The results are statistically significant (p < 0.01). Modelling efficiency decreased from the
X03 site in the typical steppe to the K04 and KOS5 sites in the desert steppe (Table 4).
The GPPypy at K04 overestimated the GPPygyer in 2006, with a PE bias of 28.69 g C m 2
year! and an RMSE of 0.85 g C m2day! (Table 5). However, the trend was reversed
in 2007 with GPPypy underestimating the GPPyyer with a PE of —10.61 g C m2 year™!
and RMSE of 0.42 g C m2day ' (Table 5). The predicted GPPypy at the KOS5 tower sites
showed similar statistics and overestimated the observed GPPyqye; in 2006 (PE = 56.04 g C
m 2 year’l and RMSE =2.02gC m’zday’l) and underestimated GPPyyyer in 2007 (Tables 4
and 5, Figure 5(e)). At X03, the integrated GPPypy; over the active growing season (May—
October) and over the entire year was slightly higher than the GPPyy., in 2006, with a
low bias (Table 5, PE = 9.74 g C m 2 year ' and RMSE = 0.72 g C m2day!). However,
the GPPypy for both time periods were much higher and overestimated GPPygyer in 2007
(Table 4, Figure 7(c)) with a PE bias of 20.06 g C m year™! and RMSE of 1.10 g C
m2day”! (Table 5). The simulated GPPypy; at the D02 cropland site closely matched
GPP ower during the active growing season and the entire year in 2006 (PE = —4.04 g C m™>
year ' and RMSE = 1.22 g C m2day '), while the GPPypy; overestimated the GPPygye, in
2007 with a PE bias of 21.35 g C m 2 year ! and RMSE of 0.87 g C m2day ! (Tables 4
and 5). There was an overestimation of GPPypy at the DO1 typical steppe site during the
active growing season as well as the entire year in 2006 (PE = 29.42 g C m™? year”! and
RMSE = 1.22 g C m2day '), but GPPypy reasonably matched GPPyqy., in 2007 (Table 4),
with a low bias of RMSE = 0.87 g C m2day ! (Table 5), partially because of missing/bad
data in June and July of 2006 (DOY = 153 — 209).

In 2006, at D02, X03, and K04, the GPPypy tracks GPPyy., closely, although the
magnitudes are not always consistent (Figures 4 and 6). This is especially true for the
DO02 cropland tower in the peak growing season, where GPPyy., is higher than GPPypy;.
The growing season curve for D02 has a sharp, narrow peak that is characteristic of
agriculture with a short growing season. While the seasonal dynamics of GPP in a semi-
arid steppe could be explained by temperature and PAR, the cropland land-use type is not
a natural ecosystem like the surrounding matrix of semi-arid grassland, even though they
both have similar climatic conditions. The seasonal dynamics of D02 can be explained by
the cultivation stages of seeding, fertilizer application, and harvesting. With the onset of
spring, the GPPypy in the typical steppe increases gradually, while the cropland site is in
dormancy until a rapid increase of D02 GPPypy, in late April/early May (Figure 4(b)).

3.4. MVPM model output and tower GPP

The observed GPPyoyer at EC towers was regressed with the simulated GPPyypy estimate.
The regression model showed a strong correlation between GPP gy and GPPyyvpy in both
the typical steppe site (X03) and irrigated poplar stand (K04) in 2006 and 2007, where the
MVPM model performed better than the VPM model (Table 4, Figures 8(c) and (d)), with a
low bias for XO3 (RMSE =4.78 and 6.06 g C m2day ' in 2006 and 2007, respectively) and
K04 (RMSE = 3.94 and 4.21 g C m2day !, respectively) (Table 6). The regression model
also explained a significant amount of variation in GPPyypy for D02 cropland, KOS5 desert
shrubland, and DO1 typical steppe in 2007 (Table 6, Figures 8(b) and (e)). The results were
significant (p < 0.01), except for DOI in 2006, owing to missing data in the months of
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Figure 8. A comparison of the seasonal changes in observed GPP\,y.; with predicted GPPypy and
GPPyvpu at five flux sites in 2006 and 2007: (@) Duolun steppe, (5) Duolun cropland, (c¢) Xilinhaote
steppe, (d) Kubugqi poplar plantation, and (e) Kubugqi shrubland.

June and July. This also explains the high estimates of GPPyypy at the DO1 typical steppe
site (Table 4) with a PE bias of 39.00 and 38.40 g C m™ year”' and RMSE of 17.90 and
9.16 g C m2day! in 2006 and 2007, respectively (Table 6). GPPyypy integrated over the
entire year in 2006 at D02 slightly underestimated GPPygyer, (PE = —2.80 g C m™ year™!
and RMSE = 15.28 g C m2day '), whereas it was overestimated in the active growing
season, especially in 2007 (Tables 4 and 6, RMSE = 7.91 g C m2day ). The GPPyypum
at X03 closely matched the integrated GPP,yye; Over the entire year in 2006, with a low
PE and RMSE of —0.10 g C m™ year”' and 4.78 g C m2day!, respectively (Tables 4
and 6). However, the GPPyypy overestimated GPPyy., in the active growing season in
2007 with a PE bias of 4.37 g C m™? year' and an RMSE of 6.06 g C m2day'. In the
desert steppe, at the K04 irrigated poplar stand, GPPyypy had similar statistics and had
a bias in 2006 (PE = —2.80 g C m2 year ! and RMSE = 3.94 g C m2day ') and 2007
(PE =-4.80 gCm year ! and RMSE = 4.21 g C m2day"!, Table 6). While the GPPyypym
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Table 6. Comparison of model R> and RMSE from linear regression and PE of
GPPyypm With GPPygye; in five semi-arid LCLU types.

Site Year  Slope Significance (p) R’ SE PE RMSE
DOl 2006  0.049 0.642 0.008*  1.79 39.0 17.96
2007 0.177 0.001 0.53 0.033 38.4 9.16
DO2 2006  0.582 0.014 0.20 1.52 -2.8 15.28
2007 0.241 0.001 0.63 0.035 32.6 791
X03 2006  0.656 0.001 0.84 0.540 —0.1 4.78
2007 0.437 0.001 0.70 0.056 4.37 6.06
KO4 2006 1.117 0.001 0.56 0.197 238 3.94
2007 0.410 0.001 0.47 0.085 —4.38 421
KO5 2006  0.200 0.013 0.20 0.076  22.9 7.48
2007 0.218 0.001 0.41 0.050 10.6 5.64

Notes: *indicates missing data for June—July 2006. Values of R? in bold are significant with
p < 0.001.

overestimated GPPyoye; at the KOS5 shrubland site in the annual growing season of 2006
(Table 4, Figure 8(e)), it outperformed the VPM in its ability to describe the vegetation
dynamics with a lower PE of 22.90 g C m™ year™! in 2006 and in its ability to follow the
dynamics of the GPP oy more closely (Tables 5 and 6, Figure 8(e)).

4. Discussion

We evaluated the potential of the VPM model to estimate GPP from EC flux towers in
different semi-arid LCLU types. In addition, we developed and tested a modified version
of the VPM that was validated with tower-derived GPP. Both the VPM and MVPM models
have simple structures and few parameters to be adjusted. For example, the VPM model
needs just four parameters: temperature, PAR and LUE for each vegetation type, along
with vegetation indices (EVI and LSWI) from MODIS in a simple equation, and it is able
to reproduce spatiotemporal changes in GPP (Xiao et al. 2005; Li et al. 2007).

When used with ancillary data such as maps of biome, terrestrial ecoregions, land
use/land cover (e.g. International Geosphere-Biosphere Programme (IGBP)), meteorolog-
ical data, satellite-derived albedo, and shortwave radiation, the models provide a good
understanding of carbon fluxes with high temporal and spatial resolution that matches
the 500 m to 1 km IGBP LCLU MODIS (MOD12Q1) product. Although there are many
process-based biogeochemical models (e.g. Simple Biosphere Model 3 (SiB3) and Biome-
BGC) that simulate carbon and water fluxes with high temporal resolution (e.g. hourly),
they require multiple input parameters that are often difficult to obtain. For example,
some SiB2 regional simulation runs need more than 40 spatially interpolated parameters
(Wang et al. 2007). The input parameters of process-based models often need frequent
recalibration, which is computationally intensive.

The MVPM model offers an alternative to existing PEM-based GPP models in that
it is independent of ground-based measurements and entirely based on MODIS data with
consistent spatial resolution. The establishment of climate stations or EC flux towers is both
expensive and time-consuming, especially in a remote region like the Mongolian Plateau.
The MVPM model can help to obtain an estimate of 8 day GPP from the previous year
before setting up an EC flux tower site in a semi-arid region.

Similar models based solely on MODIS EVI also exist (Sims et al. 2006b). However,
Sims et al. (2006b) found poor GPP estimates in the active season for sites undergoing
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drought as their model lacked measures of drought stress and temperature, which are
present in the MOD17 GPP model (Running et al. 2004). The MODIS LST product
(MOD11A2), which is a measure of ‘skin’ temperature when compared to air temperature,
normally measured by meteorological stations, is also well correlated with VPD (Wan et al.
2004; Jin et al. 2010). We optimized the MVPM model for GPP in semi-arid regions by
including LST and LSWI to account for variability in temperature and vegetation water
content as well as drought stress, which are the key regulators of carbon fluxes in dryland
regions. This may be an improvement over the VPM model, where the absence of a soil
moisture component and its inability to measure water stress might be a source of error.
The advance of the growing season, or phenological cycle (leaf flush/green-up, matu-
rity, senescence, and dormancy), is characterized by biochemical changes in the vegetation
canopy (e.g. chlorophyll, xanthophyll), which, in turn, affect the biophysical properties of
the semi-arid land surface such as evapotranspiration, albedo, and surface roughness (Xiao
et al. 2004a, 2004b). Huete et al. (2002) described the biophysical /radiometric advantages
and relative merits of EVI and NDVI, especially in sparsely vegetated environments with
pronounced soil background signature. This study evaluates the use of productivity and
water indices such as EVI and LSWI to measure the growing season length and water
stress that regulate carbon exchange in the ecosystem. The predicted GPPypy; agrees well
with observed GPPyoy., in the semi-arid ecosystem types in Inner Mongolia. Our results
suggest that EVI can be linearly related to fPAR and chlorophyll, while LSWI seems to be
a reasonable surrogate of leaf water content as was found in VPM studies in various forest
ecosystems (Xiao et al. 2004a, 2004b, 2005). The MVPM and VPM models provide an
alternate to the MODIS GPP product (Running et al. 2004), which is based on the NDVI —

fPAR — LAI relationship. GPPyiopis depends a great deal upon the availability and quality

of daily meteorological observation data from NASA’s DAO (Zhao, Running, and Nemani
2006). Previous studies showed that VPD could capture the interannual variability of the
water stress in wet areas where the annual precipitation was >400 mm year!. However, in
arid regions where soil moisture is the limiting factor, MOD17 was found to underestimate
water stress and overestimate GPP. It was found that MOD17 was better able to describe
the intraannual and interannual variability of GPP in the lower 48 states of the USA than in
monsoon-controlled China (Mu et al. 2007b).

Extensive validation of the MODIS GPP product was carried out by the BIGFOOT
project, which involved the use of traditional ecological measurements as well as process-
based modelling through the use of Biome-BGC (Turner et al. 2005). While MODIS GPP
could successfully track the seasonality of site GPP across different climatic regimes that
include temperate deciduous and evergreen forests, alpine forests, wet and dry savanna,
and so on (Running et al. 2004), it failed in accurately estimating the magnitude of GPP
in water-limited ecosystems (Leuning et al. 2005; Zhang et al. 2007). The validation
sites include a single desert grassland site (Sevilleta Long Term Ecological Research Site
(SEVI)) where the MODIS GPP product did not agree well with the tower GPP, especially
in the beginning and at the end of the growing season (Turner et al. 2005). This suggests the
need for more GPP product validation in semi-arid grasslands as opposed to most validation
studies, which take place in various forest ecosystems.

The GPPypy and GPPyypy differ from the GPPyyyer Observations in some 8 day peri-
ods (Figures 4, 6, and 8), and these account for the differences between the annual and
active growing season integration of predicted and observed GPP (Table 3). These differ-
ences can be attributed to the sensitivity of the model towards microclimatic variations
in PAR and temperature, which vary among the five LCLU types. Schwalm et al. (2010)
found that model performance in predicting NEE was better at forest sites when compared
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to grassland and forest sites. Another source of error could stem from the overestimation or
underestimation of GPP by the EC towers. In order to calculate GPP, ecosystem respiration
has to be measured in addition to the gap filling of NEE measured by the tower. These steps
are subjective and are potential sources of error leading to uncertainty (Falge et al. 2001,
2002). In spite of its limitations, the EC method has the potential to accurately measure
LUE across semi-arid ecosystems as the network of EC towers increases globally. A pos-
sible source of error leading to the overestimation of GPPypy; and GPPyypy, is the use of
8 day surface reflectance (MOD09A1V005), which has no bidirectional reflectance distribu-
tion function (BRDF) correction or normalization, resulting in the derived spectral indices
being affected by angular geometry and extreme look angles (Li et al. 2007). Similarly,
Collection 5 MODIS products could contribute to the modelling error by overestimation of
LST and fPAR, especially over bare soil surfaces in semi-arid regions. Although the max-
imum MODIS fPAR might be close to in situ observations in the peak growing season,
the opposite might be true for semi-arid areas with sparse vegetation which complicates
radiative transfer modelling, resulting in overestimation at sites where values of fPAR are
low (Turner et al. 2006).

The difference in amplitude between the two growing seasons could be attributed to
variable rainfall as can be expected in a water-limited ecosystem. Miao et al. (2009) found
that precipitation at Duolun sites in 2006 was higher than the 11 year average, while the
2007 growing season experienced below-average rainfall. Precipitation at Xilinhaote was
below the long-term mean, with the growing seasons of 2006 and 2007 being abnormally
dry years. The lagged peak in the growing season was confirmed by an independent study
with D01, D02, and X03, reaching peak values in July of 2006 when compared to August
of 2007 growing season (Miao et al. 2009). In addition, integrated GPPyyyes values for
the 2007 growing season were significantly lower at DO1 and D02 when compared to the
2006 season, with similar results reported by Miao et al. (2009).

Finally, GPP measurements might be higher than expected in arid and semi-arid regions
due to an increase in irrigated agriculture, even though evapotranspiration exceeds precipi-
tation (Mu et al. 2007a), which is ~150 mm annually (Kang et al. 2007). This is especially
true along the desert margin in Inner Mongolia, where the typical steppe gives way to desert
steppe (e.g. the Hetao irrigation district along the Yellow River; John et al. 2009). Higher-
than-expected evapotranspiration measurements in the desert steppe can also be attributed
to subsurface flow and water infiltration within the Huang He (Yellow River) basin (Feng,
Wang, and Feng 2005; Wilske et al. 2009).

5. Conclusion

We used carbon flux data obtained from EC towers at five sites in semi-arid Inner Mongolia
to validate the intraannual dynamics of GPP using the VPM and MVPM models in con-
junction with microclimatic variables such as PAR and air temperature. Although the
VPM needs just four parameters obtained from flux towers for each of the five ecosys-
tem LCLU types, the MVPM is independent of any ground-measured meteorological data.
Both models are based on simple equations that are not computationally intensive, like most
process-based models. The MVPM model, in particular, offers a cost-effective solution for
predicting GPP at remote study sites that lack the infrastructure to set up ground-based sen-
sors. Our results indicate a reasonable agreement between the observed GPPyyye; and the
predicted GPPypy and GPPyyvpy, indicating the potential for these satellite-driven mod-
els to predict GPP in semi-arid ecosystems. However, different sources of error, either from
the flux tower measurements or MODIS-derived indices/products, introduced uncertainties
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that led to the overestimation of GPP by the VPM and MVPM models. In addition, envi-
ronmental factors such as precipitation and ground water flow as well as landscapes with a
high degree of anthropogenic modification (e.g. croplands and irrigated poplar stands) play
arole in a phase shift in predicted GPP when compared to GPP observed at EC towers. The
ability to model in situ temporal measurements of carbon fluxes to the region is the first
step to obtain a better understanding of the carbon cycle in semi-arid Inner Mongolia and
might enable the estimation and modelling of evapotranspiration and water-use efficiency
in future studies.
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