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Accurate estimation of gross primary production (GPP) of savanna woodlands is needed for evaluating the
terrestrial carbon cycle at various spatial and temporal scales. The eddy covariance (EC) technique provides
continuous measurements of net CO, exchange (NEE) between terrestrial ecosystems and the atmosphere.
Only a few flux tower sites were run in Africa and very limited observational data of savanna woodlands in
Africa are available. Although several publications have reported on the seasonal dynamics and interannual
variation of GPP of savanna vegetation through partitioning the measured NEE data, current knowledge
about GPP and phenology of savanna ecosystems is still limited. This study focused on two savanna woodland
flux tower sites in Botswana and Zambia, representing two dominant savanna woodlands (mopane and
miombo) and climate patterns (semi-arid and semi-humid) in Southern Africa. Phenology of these savanna
woodlands was delineated from three vegetation indices derived from Moderate Resolution Imaging
Spectroradiometer (MODIS) and GPP estimated from eddy covariance measurements at flux tower sites
(GPPgc). The Vegetation Photosynthesis Model (VPM), which is driven by satellite images and meteorological
data, was also evaluated, and the results showed that the VPM-based GPP estimates (GPPypy;) were able to
track the seasonal dynamics of GPPgc. The total GPPypy and GPPgc within the plant growing season defined
by a water-related vegetation index differed within the range of 4 6%. This study suggests that the VPM is
a valuable tool for estimating GPP of semi-arid and semi-humid savanna woodland ecosystems in Southern

Africa.

© 2013 Elsevier Inc. All rights reserved.

1. Introduction

Savannas are one of the most widely distributed vegetation types,
covering one-fifth of the earth land surface (Scholes & Hall, 1996). A
recent modeling study estimated an annual sum of about 30 Pg C
gross primary production (GPP) from tropical savannas and grass-
lands, accounting for 25.7% of the global terrestrial GPP (Beer et al.,
2010). Africa, which is dominated by the largest area of savanna
ecosystems in the world, is considered a main source of uncertainty
in the global terrestrial carbon cycles (Weber et al., 2009; Williams
et al., 2007). Current knowledge of Africa's carbon fluxes and storage
is still limited due to the spatial extent, fire disturbance, and high
interannual variability in climate and productivity (Ciais et al., 2011;
Williams et al., 2007; Woollen et al., 2012).

* Corresponding author at: Department of Microbiology and Plant Biology, University
of Oklahoma, 101 David L. Boren Blvd., Norman, OK 73019, USA. Tel.: +1 405 325 8941.
E-mail address: xiangming.xiao@ou.edu (X. Xiao).

0034-4257/% - see front matter © 2013 Elsevier Inc. All rights reserved.
http://dx.doi.org/10.1016/j.rse.2013.03.033

Mopane and miombo woodlands in South and Central Africa cov-
ering 3.6 million km? of land are the single largest dry woodlands in
the world. Over the past decade, continuous fluxes of carbon, water,
and energy between the land surface and the atmosphere, as
measured with the eddy covariance technique, have been used to
study the temporal dynamics and spatial pattern of the carbon cycle
of savanna woodlands in Southern Africa (Archibald et al., 2009;
Kutsch et al., 2008; Merbold et al., 2009, 2011; Scanlon & Albertson,
2004; Veenendaal et al., 2004; Williams et al., 2009). However, such
measurements have been made at only a few sites and often over
short time periods (Veenendaal et al., 2004).

Satellite remote sensing at moderate spatial resolutions provides
daily observations of land surface properties at the spatial scale com-
patible with the footprint sizes of the eddy covariance observation
sites. It has become a more and more important data source for the
study of vegetation phenology (Alcantara et al., 2012; Brown et al,,
2012; Jones et al., 2012; Kim et al., 2012; Kross et al., 2011; White
et al., 2009) and GPP estimates (Gitelson et al., 2012; Kalfas et al.,
2011; Peng et al., 2011; Sakamoto et al., 2011; Sj6strom et al., 2009;
Wang et al., 2010b; Wu, 2012; Wu & Chen, 2012; Zhang et al., 2012).
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Vegetation phenology is a fundamental determinant affecting
the ecosystem processes of carbon, water, and energy exchange
(Larcher, 2003). It determines the timing and duration of a photosyn-
thetically active canopy and influences the magnitude of carbon and
water fluxes throughout the plant growing season (Jolly & Running,
2004). The vegetation indices calculated from the reflectance of spec-
tral bands have been proved to effectively monitor the vegetation
phenology (Bradley et al., 2007; Moody & Johnson, 2001; Sakamoto
et al., 2005; Xiao, 2006; Zhang et al., 2006). Earlier studies of phenol-
ogy have focused on vegetation indices derived from visible and near
infrared bands, for example, the Normalized Difference Vegetation
Index (NDVI), which is calculated as a normalized ratio between
near infrared and red spectral bands (Tucker, 1979), and the En-
hanced Vegetation Index (EVI), which is calculated from blue, red,
and near infrared bands (Huete et al., 2002). Both NDVI and EVI
have been shown to effectively track the seasonality and spatial pat-
terns of savanna phenology (Archibald & Scholes, 2007; Chidumayo,
2001; Higgins et al., 2011; Huttich et al., 2011). It is well known
that the shortwave infrared band (SWIR) is sensitive to water in veg-
etation and soil. One SWIR-based vegetation index is the Land Surface
Water Index (LSWI), which is calculated from near infrared (NIR) and
SWIR (Xiao et al., 2004a, 2004b). It has been successfully applied to
vegetation phenology study and phenology-based land cover mapping
(Cai et al., 2011; Chandrasekar et al., 2010; Park & Miura, 2011; Xiao
et al., 2004a, 2006). A prior study has already indicated that LSWI was
sensitive to the wet and dry conditions in Africa (Tian et al., 2012).
Therefore, whether the time-series LSWI data can effectively extract
the phenological dynamics of savanna woodlands in Southern Africa
across precipitation gradient and woodland species types is the first
question addressed in this study. Water availability at the regional
scale, an important seasonal driver for savanna vegetation growth,
is the primary limit for predicting savanna phenology patterns
(Archibald & Scholes, 2007).

A number of the satellite-based Production Efficiency Models
(PEMs) have been developed to estimate GPP of vegetation as the
product of the absorbed photosynthetically active radiation (APAR)
and the light use efficiency (Coops, 1999; Monteith, 1972; Potter et
al.,, 1993; Prince et al.,, 1995; Ruimy et al., 1996). In one group of
PEMs, the greenness-related vegetation indices are used to estimate
APAR by the canopy. NDVI is most commonly used in the earlier
PEMs (Potter et al., 1993; Prince & Goward, 1995; Ruimy et al.,
1994; Running et al.,, 2000; Veroustraete et al., 2004; Yuan et al.,
2007). In the other group of PEMs, chlorophyll-related vegetation in-
dices such as EVI and chlorophyll index are used to estimate APAR by
chlorophyll (Gitelson et al., 2006; Potter et al., 2012; Sims et al., 2006;
Xiao et al., 2004a, 2004b).

The Vegetation Photosynthesis Model (VPM) is the satellite-based
PEMs that used the concept of chlorophyll and light absorption by
chlorophyll (Xiao et al., 2004a, 2004b). The VPM has been extensively
verified for temperate, boreal and moist tropical evergreen forests (Xiao
et al,, 2004a, 2004b, 2005a, 2005b, 2006), temperate and plateau grass-
land (Li et al,, 2007; Wu et al.,, 2008) as well as agricultural ecosystems
(Kalfas etal.,, 2011; Wang et al., 2010b). However, its performance in sim-
ulating GPP of savanna woodland ecosystems is still unknown.

The objectives of this study are twofold: (1) to evaluate the poten-
tial of remote sensing vegetation indices (NDVI, EVI, and LSWI) in iden-
tifying land surface phenology of savanna woodlands and determining
the growing season length; and (2) to examine the potential of the
VPM to simulate GPP of two dominant savanna woodland sites differ-
ing in annual precipitation and vegetation composition in Southern
Africa. The leaf-on and leaf-off phenological phases need to be identi-
fied and then used to evaluate the performance of satellite-based
PEMs that estimate GPP of savanna woodland ecosystems. Although a
vast area in Southern Africa is covered with mopane and miombo
woodlands, there are only two sites with continuous measurements
of CO, net exchange between the woodlands and the atmosphere by

eddy covariance technique; and in this study we used data from the
two sites, located in Botswana and Zambia.

2. Materials and methods
2.1. Study sites

These two eddy covariance flux sites of savanna woodlands are
within the Kalahari Transect (KT) in Southern Africa, one of the Inter-
national Geosphere-Biosphere Program (IGBP) Transects for quanti-
fying biogeochemistry and primary production, water and energy
balance, ecosystem structure and function at the continental scale
(Scholes & Parsons, 1997). Both sites are located along a precipitation
gradient in the semi-arid and sub-humid regions of Southern Africa.
The geo-locations and landscape features of these two sites are
shown in Fig. 1 and Table 1. Detailed descriptions of the two sites
can be obtained via FLUXNET — a global network of micrometeoro-
logical tower sites (http://www.fluxnet.ornl.gov/fluxnet/sitesearch.
cfm) and site specific publications (Arneth et al., 2006; Merbold et
al.,, 2011; Veenendaal et al., 2004, 2008).

The Botswana site (Maun, 19.9165°S, 23.5603°E) is dominated by
broadleaf deciduous woodland (Colophospermum mopane) with a sparse
understory of grasses, a typical mopane woodland. The climate is char-
acterized as semi-arid, with a distinct dry season (May-September)
and wet season (December-March) and a mean annual precipitation
(MAP) of 464 mm (Veenendaal et al., 2004, 2008). The vegetation is rel-
atively homogenous over a large area around the site (at 2.5 km in all
directions) (Fig. 1). Maximum leaf area index (LAI) is around 1.0 during
the wet season (Tian et al., 2002). For decades, this area was disturbed
by various human activities, e.g. cattle grazing. This disturbance has
been largely eliminated since the site was set up.

The Zambian site is situated at the Kataba Forest Reserve, 20 km
south of Mongu in Western Zambia (Mongu, 15.4388°S, 23.2525°E).
The site has a semi-humid climate with distinct wet and dry seasons.
The mean annual precipitation is 945 mm, occurring from mid-
October to April of the following year. The maximum monthly temper-
ature ranges from 23 °Cto 32 °C. The vegetation is broadleaf deciduous
miombo woodland, dominated by Brachystegia spiciformis (24.7%),
bakerana (29.8%), Guibourtia coleosperma (16.8%), and Ochna pulchra
(24.5%). The canopy cover is about 70%, and LAI has strong seasonal dy-
namics ranging from 0.8 to 1.68. The ground-based fraction of absorbed
photosynthetically active radiation (FPAR) was measured once a month
during 2000-2002, and showed strong seasonal dynamics with the
range of 0.2 in September to 0.6 in January (Huemmrich et al., 2005).
Some land use activities were permitted in this area, including livestock
grazing and firewood collection. Low intensity ground fires happened
frequently. However, serious land cover changes caused by intense
charcoal production and the conversion from woodlands to agricultural
land happened in the surrounding areas during recent years (Kutsch et
al., 2011; Merbold et al,, 2011).

2.2. Site-specific meteorological data and CO, flux data

All meteorological and CO, flux data used in this study were
downloaded from CarboAfrica data portal (http://gaia.agraria.unitus.
it/newtcdc2/CarboAfrica_home.aspx). It provides the meteorological
and CO, flux datasets at half hourly, daily, 8-day, and monthly inter-
vals. Meteorological data and CO, fluxes of the two sites were avail-
able for the periods of 1999-2001 and 2007-2009 (Figs. 2 and 3).
The precipitation data in 2008/2009 at the Mongu site was incom-
plete due to a sensor malfunction. We used precipitation data from
the Zambian Meteorological Department (20 km away) to replace the
missing data. At the Maun site, precipitation started in late-November
and lasted until May of the next year. Annual rainfall was 197 mm in
2000/2001 and 431 mm in 1999/2000, respectively. The wet season at
the Mongu site was concentrated from mid-October to the end of
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Fig. 1. A simple illustration of the study sites, including (a) geo-locations of two savanna woodland flux tower sites in Southern Africa; (b) landscapes at the Mongu site, Zambia, back-
ground image — Google Earth on 09/18/2005; (c) landscapes at the Maun site, Botswana, background image — Google Earth on 07/06/2011. The red square line in (b) and (c) corresponds
to the size of one MODIS pixel at 500-m spatial resolution, and the red dots represent the locations of the flux towers. The website http://eomf.ou.edu/visualization/gmap/
provides visualization of flux tower site location and MODIS pixel boundary. (For interpretation of the references to color in this figure legend, the reader is referred to the

web version of this article.)

March of the next year, and annual precipitation was 1160 mm in 2007/
2008 and 1205 mm in 2008/2009 (Fig. 2).

The 8-day Level 4 datasets contain air temperature, precipita-
tion, PAR, GPP, and NEE. NEE is gap-filled by two mathematical algo-
rithms: the Marginal Distribution Sampling (MDS) (Reichstein et
al., 2005) and the Artificial Neural Network (ANN) approach as des-
cribed in Papale and Valentini (2003). In this study, we used the
standardized GPP dataset partitioned from NEE generated with the
MDS approach. We carefully evaluated the NEE and GPP data, and
identified questionable observations (Fig. 3). At the Maun site,
three 8-day periods during December 2000 and January 2001
showed extremely large variations of NEE and GPP (in the range of
40% to 100% in comparison with its neighboring 8-day periods),
we treated them as outliers and excluded them in data analysis
(Fig. 3a).

2.3. MODIS land surface reflectance, vegetation indices, and GPP products

The Moderate Resolution Imaging Spectroradiometer (MODIS) on-
board the Terra and Aqua satellites provide global coverage of imagery
every one to two days from 36 spectral bands. This study used the
MODIS Land Surface Reflectance 8-Day L3 Global 500 m products
(MODO09A1, Collection 5). MOD09A1 provides land surface reflectance
from seven spectral bands: red (620-670 nm), NIR; (841-876 nm),
blue (459-479 nm), green (545-565 nm), NIR, (1230-1250 nm),
SWIR; (1628-1652 nm), and SWIR, (2105-2155 nm). There are
forty-six MOD09A1 8-day composites within a year. The time-series
MODO09A1data (2/2000 to 12/2011) for the Maun and Mongu sites
were extracted from the MODIS data portal at the Earth Observation
and Modeling Facility (EOMF), University of Oklahoma (http://www.
eomf.ou.edu/visualization/manual/).

For each MODIS 8-day observation of surface reflectance, three veg-
etation indices were calculated using surface reflectance (p) from the

Table 1
A summary description of the two savanna woodland flux tower sites.

blue, red, NIR;, and SWIR; bands: (1) NDVI (Tucker, 1979), (2) EVI
(Huete et al., 1997, 2002), and (3) LSWI (Xiao et al., 2004b, 2005b).

NDVI — PNIR, —Pred (1)
PNIR, T Pred
PNIR, —Pred
EVI = 1 2
pNIR, +6 x pred_7-5 X Polue + 1 ( )
LSWI — PNIR, ~Pswir, ‘ 3)
PNIR, T Pswir,

The vegetation indices calculated from surface reflectance
contained noise caused by cloud, cloud shadow, atmospheric aero-
sols, and the large observing angle. The quality flags of MODO09A1
files showed many bad-quality observations over the course of the
wet season for the Mongu site. If the quality flag of an observation
listed cloud, cloud shadow, aerosol quality, or adjacency to cloud,
the observation was marked as unreliable. Built upon the two-step
gap-filling procedure reported in earlier studies (Xiao et al., 2004b),
we used a three-step gap-filling procedure to gap-fill vegetation
index time series data. Step 1 deals with only one bad-quality obser-
vation (x(t)). We defined a filter with a three-observation moving
window (x(t — 1), x(t) and x(t 4+ 1)) and used data considered to
be of good quality or reliable observations to correct or gap-fill
unreliable observations. If both x(t — 1) and x(t + 1) pixels were re-
liable and x(t) was unreliable, the average of x(t — 1) and x(t + 1)
was used to replace x(t). If only one observation (either x(t — 1) or
x(t 4+ 1)) was reliable and x(t) was unreliable, we used that observa-
tion to replace x(t). Step 2 addresses the situation with two consecu-
tive bad-quality observations ((x(t), x(t 4+ 1)). We defined a filter
with a 4-observation moving window (x(t — 1), x(t), x(t + 1),
Xx(t 4+ 2)). We calculated the difference between x(t — 1) and
x(t + 2) values and added them as an increment to gap-fill x(t) and

Site name Country Latitude Longitude Ecosystem C3/C4 MAP MAT Flux measurements
@) ) (mm) 0

Maun Botswana —19.9155 23.5603 Mopane woodland 80/20 464 226 1999-2001

Mongu Zambia —15.4388 23.2525 Miombo woodland 95/5 945 25 2007-2009

MAP: mean annual precipitation; MAT: mean annual temperature.
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Fig. 2. Seasonal dynamics and interannual variations of precipitation (Precip), photosynthetically active radiation (PAR), soil water content at the upper 100 cm of soil (SWC), and
air temperature (T,;) observed at the two savanna woodland flux tower sites in Southern Africa. (a) the Maun site, Botswana, during 1999-2001; (b) the Mongu site, Zambia,

during 2007-2009.

x(t 4 1). Step 3 deals with the situation with three or more consecu-
tive bad observations. We used multi-year mean vegetation index
data during 2000-2011 to gap-fill those individual 8-day periods
with bad quality. For example, the mean (M) and standard deviation
(SD) of NDVI at individual 8-day periods over 2000-2011 (12 years)

were first calculated using the reliable observations in 8-day periods,
which constructed a mean NDVI time series in a mean year. We then
calculated differences of NDVI between reliable observations in a year
(e.g., 2007) and the mean NDVI values (M) over 2000-2011 (i.e., the
mean year). If a year was closer to the mean year, we used M values to
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Fig. 3. Seasonal dynamics and interannual variations of observed net ecosystem exchange of CO, (NEEgc) and estimated GPP from flux measurements (GPPgc) at the two savanna
woodland flux tower sites in Southern Africa, with the growing seasons highlighted. (a) the Maun site, Botswana, during 1999-2001; (b) the Mongu site, Zambia, during

2007-20009.
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gap-fill those three or more unreliable observations. If a year was
close to the M — SD values, we used M — SD values to gap-fill
those three or more unreliable observations. The same rule was ap-
plied to M + SD case. Fig. 4 shows a comparison between the raw
vegetation index data and the gap-filled vegetation index data at
these two sites. 16% and 35% of the vegetation index observations
were gap-filled during the growing seasons of the study periods for
the Maun and Mongu sites, respectively.

The MODIS GPP product (MOD17A2) was included in this study

for the model comparison. MOD17A2 for the two sites was acquired
from the Oak Ridge National Laboratory's Distributed Active Archive
Center website (http://daac.ornl.gov/MODIS/). MOD17A2 is the
continuous remote sensing-driven GPP datasets across the global at
a 1-km spatial resolution and an 8-day temporal resolution since
2000. The algorithm that MOD17A2 uses to estimate GPP is (Zhao et
al., 2006):
GPP = € x FPAR ,0py % PAR (4)
where PAR is the photosynthetically active radiation calculated by
0.45x S5 (S,s: downward surface solar shortwave radiation), FPARcanopy
is the fraction of PAR absorbed by the canopy and obtained from MODIS
FPAR/LAR product (MOD15A2), and ¢ is the light use efficiency and
estimated with:

€ = Emayx x T x VPD (5)

where &, is the maximum light use efficiency predefined in a Biome
Properties Look-Up Table (BPLUT). T and VPD are daily minimum tem-
perature and vapor pressure deficits scalars, respectively. Air tempera-
ture, VPD, and S;s are obtained from the NASA's Data Assimilation
Office (DAO).

2.4. The Vegetation Photosynthesis Model (VPM)

The Vegetation Photosynthesis Model (VPM) is based on the con-
ceptual partitioning of chlorophyll and non-photosynthetically active
vegetation (NPV) in a canopy. It estimates GPP over the plant growing
season at daily or weekly intervals (Xiao et al., 2004b):

where PAR is the photosynthetically active radiation (pmol photosyn-
thetic photon flux density, PPFD), FPAR., is the fraction of PAR
absorbed by chlorophyll in the canopy, and ¢ is the light use efficiency
(umol/umol PPFD).

¢ is estimated by the theoretical maximum light use efficiency
(€max, Hmol/umol PPFD), air temperature (Tscalar), Water condition of
land surface (Wsca1ar) and vegetation growing stage (Pscatar):

€=Enax X T, x W, X Pscalar- (7)

max scalar scalar

Tscalar is estimated at each time interval, using the formula devel-
oped for the Terrestrial Ecosystem Model (Raich et al., 1991):

T far = (T_Tmin)(T_Tmax)
scalar 2
[T~ Tonin) (T T )= (T—Tope )

8)

where Tmin, Topr, and Tmax are minimum, optimum, and maximum
temperature for leaf photosynthetic activities, respectively. When
air temperature falls below Tpin, Tscalar i Set to zero. Considering
optimum temperature ranges and the predominant climate at the
two sites, the Trin, Topr, and Trax were set to 10 °C, 28 °C, and 48 °C,
respectively (McGuire et al.,, 1992).

Instead of using soil moisture and/or water vapor pressure deficit,
the VPM uses LSWI to estimate the effect of land surface water condi-
tions on photosynthesis (Wycajar):

1—LSWI

Waealar = 7 Tswi__. )

where LSWI,,x is the maximum LSWI during the growing season for
an individual pixel (Xiao et al., 2004b). Eq. (9) was proven to work
well in vegetation with semi-humid and humid climate (Xiao et al.,
2004a, 2004b, 2005b, 2006) and we used it for the Mongu site in
this study. LSWI of vegetation under arid and semi-arid climate
could have very low values (—0.20 or lower). LSWI threshold value
(LSWI > = —0.1) was used to delineate vegetation phenology in a
dynamic system of bare soils and crops (John et al., 2013; Kalfas et

GPP = & x FPARy, x PAR (6)  al, 2011). We proposed a slightly modified Wcaiar (see Eq. 10) and
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Fig. 4. Seasonal dynamics and interannual variations of three MODIS-derived vegetation indices at the two savanna woodland flux tower sites in Southern Africa, with the growing
seasons highlighted (a) the Maun site, Botswana, during 1999-2001; (b) the Mongu site, Zambia, during 2007-2009.
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used it for the Maun site (the semi-arid site). In Eq. (10), we added
the absolute value of LSWI > = —0.1 into the denominator:

1—LSWI

Wicalar = m '

(10)

Pscatar accounts for the effect of leaf longevity on photosynthesis
on the canopy level. For deciduous trees, Psca,y is calculated at two
different phases as linear function:

Pecatar :%SW[ during bud emergence to full leaf expansion
(11)
Piaar = 1 after full leaf expansion. (12)

FPAR, is estimated as a linear function of EVI and the coefficient a
is set to 1.0 in the current version of the VPM model (Xiao et al.,
2004b):

FPAR,, = a x EVL. (13)

3. Results

3.1. Land surface phenology as delineated by CO, flux data and vegetation
indices

3.1.1. The Maun site

GPPgc showed strong seasonal dynamics at the site (Fig. 3a). GPPgc
started to rise and exceeded 1 gCm 2 day ! in late November
1999, increased rapidly and peaked in March 2000. After the peak,
GPPgc gradually decreased and fell below 1 g C m™~2 day ' again by
July 2000. Similar seasonal dynamics also occurred in 2000/2001.
The leaf-on and leaf-off phases of mopane woodlands delineated by
seasonal GPPgc occurred in November and July, respectively.

At the end of the dry season in 1999/2000, NDVI, EVI, and LSWI
remained low (<0.3, <0.2, and <—0.15) for about three months,
followed by a rapid increase in early November of 2000/2001
(Fig. 4a). The thresholds of NDVI, EVI, and LSWI, when GPPgc was
above 1 g Cm~2 day~ !, were >0.3, >0.2 and >—0.15 (Fig. 4a). All
three vegetation indices continuously increased to the maximum in
late February. At the end of the wet season, when GPPgc began to de-
cline to 1 g C m~2 day~ ! and below, NDVI, EVI and LSWI decreased
similarly (0.3, 0.2, and —0.1) during the leaf senescence and abscis-
sion stages. Therefore, compared with the seasonal dynamics and
interannual variation of GPPgc, all three vegetation indices have the
potential to identify the growth dynamics of mopane woodlands at
the Maun site.

Table 2 summarizes the land surface phenology (leaf-on and
leaf-off dates) as determined from GPPgc and vegetation indices at
the Maun site. As defined by GPPgc (> 1gCm~2day!), the
leaf-on and leaf-off dates of 2000/2001 were 11/08/2000 and 07/12/

Table 2

2001, respectively. The leaf-on date of 2000/2001 defined by LSWI
was the same as defined by GPPgc (11/08/2000); and the leaf-off
date defined by LSWI (07/04/2000) differed from that defined by
GPPgc (07/12/2001) by one week earlier. The total GPP over the
growing season defined by LSWI (710 g C m~2) was about 1.5%
lower than the total GPP over the growing season defined by GPPgc
(721 g Cm™2).

3.1.2. The Mongu site

GPPgc had a strong seasonal dynamics at the site (Fig. 3b), varying
between 0 and 9 g C m~2 day ™ !. GPPg started to rise and exceeded
1 g C m~2 day~!in late-September 2007, and rapidly increased until
peaking in December 2007 (Fig. 3b). From June to August 2008, GPPgc
continuously decreased and reached 1 g C m~2 day ™. Similar tem-
poral dynamics occurred in 2008/2009. Therefore, the leaf-on phase
began in September, and the leaf-off phase happened between June
and August.

NDVI, EVI, and LSWI increased in late September and corre-
sponded well with the timing of GPPgc increase. The thresholds of
NDVI, EVI, and LSWI, when GPPgc was above 1gCm~2day
were >0.4, >0.3, and >—0.1, respectively (Fig. 4b). NDVI, EVI, and
LSWI peaked between November and January, and slowly decreased
afterwards to 0.4/0.5, 0.3, and —0.1. The leaf-on and leaf-off dates
defined by LSWI (>—0.1) in 2007/2008 were the same as defined
by GPPgc (Table 2), and the total GPP over the growing season defined
by LSWI (1789 g C m™2) was the same amount as the total GPPgc. For
2008/2009, the leaf-on date defined by LSWI was one 8-day interval
later than the one defined by GPPgc whereas the leaf-off date was
one 8-day interval earlier than the one defined by GPPgc. The total
GPP over the growing season defined by LSWI (1486 g C m~2) was
1.5% lower than the total GPP over the growing season defined by
GPPgc (1510 g C m~—2).

3.2. Quantitative relationships between vegetation indices and GPPgc

At the Maun site, simple linear regression models between vegeta-
tion indices (NDVI and EVI) and GPPgc during the growing season
(LSWI > —0.15 or —0.1) show that NDVI and EVI accounted for
22% and 67% of GPPgc variances, respectively (Fig. 5a, b). Due to the
sparse vegetation coverage with maximum leaf area index of 1.0 at
the Maun site, NDVI can be easily influenced by soil background
(Huete et al., 2002). Thus, the weak linear relationship between
NDVI and GPPgc can be attributed to the NDVI sensitivity to soil back-
ground under the low vegetation coverage at the Maun site. EVI per-
forms better to track the subtle changes of mopane woodlands at this
site by correcting the impact of canopy background and atmosphere
correction (Huete et al., 2002).

At the Mongu site, NDVI and EVI accounted for 65% and 68% of
GPPgc variances, respectively (Fig. 5c, d). EVI had a slightly stronger
linear relationship with GPPgc than NDVI. The relatively weak linear
relationship between NDVI and GPPgc might be attributed to the
NDVI saturation in dense canopies as found at the Mongu site. During
the peak of growing season (GPPgc > 6 ¢ C m~2 day~ '), NDVI values

Land surface phenology (leaf-on and Leaf-off dates) of the savanna woodland flux tower sites in Botswana and Zambia, as delineated by the estimated GPP from the flux towers

(GPPgc) and a NIR/SWIR-based vegetation index (LSWI).

Site name GPPec > 1gCm~2day ™! Total GPPgc LSWI > —0.1 or >—0.15 Total GPPgc GPPgc %RE
Leaf-on date Leaf-off date Leaf-on date Leaf-off date

Maun 12/11/2000 07/19//2000 N/A 07/11/2000* N/A N/A
11/8/2000 07/12/2001 721 11/8/2000* 07/04/2001 710 —1.5%

Mongu 09/22/2007 08/20/2008 1789 09/22/2007 08/20/2008 1789 0%
09/21/2008 07/12/2009 1510 09/29/2008 07/04/2009 1486 —1.5%

2 If LSWI time series data have values of <—0.15, we chose LSWI threshold value to be >—0.15. Starting date for LSWI was the first date that has consecutive LSWI values >—
0.1/—0.15 over the period of late dry season to early wet season; Ending date for LSWI was the first date that has LSWI values >—0.1/—0.15 over the period of late wet season and

early dry season.
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Fig. 5. Relationships between two vegetation indices (NDVI, EVI) and estimated GPP from the flux tower data (GPPgc) during the growing seasons at the two savanna woodland flux
tower sites in Southern Africa. (a) and (b) the Maun site, Botswana, during 1999-2001; (c) and (d) the Mongu site, Zambia, during 2007-2009.

concentrated from 0.7 to 0.8. However, EVI had the wider dynamic
range of 0.3-0.5 and was more sensitive to the canopy changes of
miombo woodlands.

Note that NDVI accounted for 22% of GPPgc variance at the Maun
site but 65% of GPPgc at the Mongu site. This large discrepancy in bio-
physical performance is attributed to the sensitivity of NDVI to soil
background. LAl was much higher at the Mongu site than at the
Maun site (see Section 2.1). This clearly suggests that for the study
of sparse vegetation in arid and semi-arid climates, one needs to be
cautious when using NDVI to estimate biophysical parameters such
as GPP.

3.3. Seasonal dynamics of GPP from the Vegetation Photosynthesis Model
(GPPVPM)

3.3.1. The Maun site

The seasonal dynamics of GPPypy; corresponded well with GPPgc
over the period of February to July 2000 (Fig. 6). The simple linear
correlation analysis between GPPypy and GPPgc showed that GPPypy

was strongly correlated with GPPgc during this period (R? = 0.92,
p <0.001, Fig. 7a). The root mean square deviation value (RMSD)
was 0.32 g C m~2 day ™~ ' in 1999/2000 (Table 3). The sum of GPPypy
over the period with observations available was 468 g C m~2, which
was about 0.6% higher than the sum of GPPgc (465 g C m~2).

During 2000/2001, the seasonal dynamics of GPPypy tracked rea-
sonably well with GPPgc except in January and July 2001 (Fig. 6).
The simple linear regression model between GPPypy and GPPgc in
2000/2001 had a slope of 1.02 but R? = 0.64 (p < 0.001, Fig. 7b),
which suggested that GPPgc data in 2001 had much larger variation.
The RMSD value was 0.67 g C m~2 day~' in 2000/2001 (Table 3).
The seasonal sum of GPPypy; in 2000/2001 was 753 g C m~?, being
6.1% higher than the seasonal sum of GPPgc (710 g C m™2).

3.3.2. The Mongu site

The seasonal dynamics of GPPypy tracked well with GPPgc during
2007/2008 (Fig. 8). GPPypy started to increase in late-September 2007,
and reached the peak in December 2007. GPPypy decreased gradually
after January and fell below 1gCm~2day~! after July 2008. The
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Fig. 6. Seasonal dynamics and interannual variations of GPP at the Maun site, Botswana, during 1999-2001, with the growing seasons highlighted. GPPgc — estimated GPP from the
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Fig. 7. Comparison between GPPgc and GPPypy at the Maun site, Botswana, during (a) 1999/2000, (b) 2000/2001.

simple linear correlation analysis showed that GPPypy correlated well
with GPPgc in 2007/2008 (R? = 0.87, p < 0.001, Fig. 9a). The RMSD
value was 0.76 g C m~2 day ! over the period of 2007/2008. The sea-
sonal sum of GPPypy during 2007/2008 was 1759 g C m~2, approxi-
mately 1.7% lower than the sum of GPPgc (1789 g C m~2).

The seasonal dynamics of GPPypy in the period of 2008/2009 showed
the same trend as in 2007/2008. The simple linear correlation analysis
showed that GPPypy correlated well with GPPgc in 2008/2009 (R? =
0.86, p < 0.001, Fig. 9b). The RMSD value was 090 g C m~2 day !
over the period of 2008/2009. The seasonal sum of GPPypy; during
2008/2009 was 1422 g C m ™2, approximately 4.4% lower than the sea-
sonal sum of GPPgc (1487 g C m™2).

4. Discussion

The importance of phenology of savanna woodlands in relation to
the seasonal variation of net primary production has been recognized
in earlier studies (De Bie et al., 1998). Several studies have evaluated
and reported on the phenology of savanna vegetation (Chidumayo,
2001; Fuller, 1999; Fuller & Prince, 1996; Hutley et al., 2011;
Oliveira et al., 2012; Vrieling et al, 2011; Wagenseil & Samimi,
2006). These studies found that NDVI had strong responses to pheno-
logical changes of savanna vegetation (Batista et al., 1997; Franca &
Setzer, 1998). For instance, Fuller (1999) and Fuller and Prince
(1996) delineated leaf dynamics of savanna woodlands in Africa
(including the mopane and miombo woodlands) with time series
NOAA/AVHRR NDVI and rainfall data. The thresholds of average NDVI
increase of 0.06 and average rainfall of 50 mm during September and
October as an indication for vegetation growth status and water
content status were pre-defined to retrieve the early greening stage

Table 3

A summary of GPP estimated from the flux towers (GPPgc) and the predictions from
the VPM model (GPPypy) at the savanna woodland flux tower sites in Botswana and
Zambia. GPPgc: seasonal sum of GPP estimated from the eddy covariance flux tower ob-
servations in g C m~2, GPPypy: seasonal sum of GPP predicted by the VPM in g C m~2,
GPP%RE: relative error in GPP sums calculated as [(GPPypy — GPPgc)/GPPgc] x 100,
RMSD: Root mean squared deviation.

Site name Plant growing season GPPgc GPPypp GPP%RE RMSD

Maun 1999-2000° 465 468 0.6 0.32
2000-2001 710 753 6.1 0.67

Mongu 2007-2008 1789 1759 —1.7 0.76
2008-2009 1487 1422 —4.4 0.90

¢ MODIS data start to be available on 02/26/2000. At the Maun site, data from 02/26/
2000 to 07/11/2000 were used.

of savanna woodlands in the study (Fuller, 1999; Fuller & Prince,
1996). However, due to the effects of interception, run-off, and soil
water movement, the threshold of the rainfall varying over space
could not precisely represent the leaf water status. A few recent studies
reported that EVI behaved better than NDVI to quantify the leaf dy-
namics of tropical savanna and could effectively describe the phenolo-
gy (Bradley et al,, 2011; Couto et al,, 2011; Ferreira & Huete, 2004;
Ferreira et al,, 2003; Hoffmann et al.,, 2005; Hiittich et al., 2009).

In this study we used both an ecosystem-physiology approach
and a remote sensing approach to delineate phenology of savanna
woodlands, and the results clearly showed the convergence between
these two approaches. As shown in this study, EVI threshold values
ranged from 0.2 to 0.3, which is smaller than the range of NDVI
threshold values (0.3 to 0.5). These results confirmed that EVI was
more stable (a smaller range of threshold values used for leaf-on
and leaf-off phases) than NDVI for delineating phenology of savanna
woodlands when the threshold method was used. In addition, our
study also showed that LSWI was more stable than NDVI and EVI
for delineating phenology of savanna woodlands. The LSWI threshold
value (>—0.1) has been used to determine the emergence (leaf-on)
and harvest (leaf-off) of croplands (Kalfas et al.,, 2011; Yan et al.,,
2009). In recent years, NIR/SWIR-based vegetation indices have
received more attention for their potential in evaluating seasonal
dynamics of vegetation canopy (Townsend et al., 2012; Xiao et al.,
2002).

Simulations of satellite-driven Production Efficiency Models
(PEM), including the VPM, are affected by model parameterization
and calibration (Wu et al., 2011). Different definitions and choices
of maximum light use efficiency (e€max) and environmental factors
are the main sources of PEM uncertainties. €y, determines the
potential conversion efficiency of absorbed photosynthetically active
radiation under the ideal growing condition. The values of €nyax
should be determined according to the vegetation function types
(VFT). Some PEMs defined €.« as an global constant value for all veg-
etation types; and others used the theoretical values from experiment
measurements; and some derived €. from the model fitting
between NEE and PAR during the peak of growing season (Chen et
al,, 2011; Goerner et al., 2011; Wang et al.,, 2010a; Wu & Niu, 2012;
Xiao et al., 2006; Zhu et al., 2006).

The theoretical €m. of Cs, 0.9 g C mol PPFD™! (Ehleringer &
Bjorkman, 1977) used in this simulation, is higher than the value of
0.63 g C mol PPFD™! (or 1.29 g C MJ™") used by a previous study
of tropical savanna in Northern Australia(Kanniah et al., 2009,
2011), and the value of 1.21 g C MJ™' (or 0.484 g C mol PPFD~ 1)
used in the standard MODIS algorithm (MOD17A2) for the Maun
site and the Mongu site (Sjostrom et al., 2013). The large variation
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Fig. 8. Seasonal dynamics and interannual variations of GPPgc and GPPypy at the Mongu site, Zambia, during 2007-2009, with the growing seasons highlighted.

of emax values in the PEMs suggests that more investigations of light
use efficiency calculation for savanna ecosystems, the mixed biome
of tree (C3) and grass (C4), are needed. Accurate estimation of light
use efficiency of the tree and grass mixed ecosystems needs precise
experiments and modeling of the physiological and biochemical pro-
cesses on the stand, canopy, and landscape scales (Caylor & Shugart,
2004; Ludwig et al., 2004; Scholes & Archer, 1997; Skarpe, 1992;
Whitley et al., 2011).

The VPM uncertainties also come from the two dominant down-
regulation environmental factors related to water (Wscajar) and temper-
ature (Tsear). Here we report a model sensitivity analysis of
the VPM: (1) without Wecalar (GPPVPM_W/O_Wscalar)v (2) without Tscalar
(GPPVPM,W/O,TscaIar)v and (3) without both Wscalar and Tscalar (GPPVPM,
w/o_Wscalar_Tscalar) (Figs. 10, 11, Table 4). The effect of Wicaiar 0N GPPypy
is relatively larger at the Maun site than at the Mongu site, which is like-
ly related to lower annual precipitation at the Maun site (464 mm,
semi-arid climate) than at the Mongu site (945 mm, semi-humid cli-
mate). The effect of Tscaar 0N GPPypy is also much larger at the Maun
site than at the Mongu site, which is likely related to the range of tem-
perature variation at these sites (see Fig. 2). When we compared the
changes in slope (GPPypy; = a X GPPgc), Wicalar had a higher impact
than Tscaiar. When we compared the changes in R?, Wc,ior had less im-
pact than Tseaar In the case without both Tseajar and Weeaar, the model
overestimated GPP by 46% to 50% at the Maun site and by 13% to 16%
at the Mongu site, suggesting that it is important to consider both
water and temperature to downscale maximum light use efficiency
when estimating the GPP with PEMs in semi-arid climate.

At the Maun site, the discrepancy between GPPypy and GPPgc
seems relatively large in 2000/2001. This could be explained by
MODIS data and GPPgc data. One example is that GPPgc in January
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2001 dropped to 2 g C m~2 day~! (Fig. 6), more than 100% lower
than the GPPgc value in December 2000. Note that soil moisture
data in January 2001 also had a dramatic drop (Fig. 2a) but NEE
data had a dramatic increase (Fig. 3a). As soil moisture data were
used to estimate ecosystem respiration, consequently GPPgc dropped
substantially in January 2001. However, the three vegetation indices
did not drop accordingly in January 2001 (Fig. 4a). If these observa-
tions of soil moisture and NEE data in January 2011 had no quality
problem, one can speculate that the three vegetation indices are not
able to reflect how short-term drought (flash drought) affected the
vegetation. Another example is the discrepancy between GPPypy
and GPPgc in late May to June 2001. All three vegetation indices
were higher in late May and June 2001 than in April to early May,
but soil moisture and precipitation data did not support the
short-term increases in vegetation indices in that period. As the
8-day MODIS composite images were used in this study, evaluation
of the image compositing method using daily MODIS images in
semi-arid climates might be needed in the future.

The comparisons between the MODIS GPP product (GPPyopi17a2)
with GPPgc have shown that GPPyiopi7a2 overestimated GPP at the
Maun site, and underestimated GPP at the Mongu site (Sjostrom
et al, 2011, 2013). Here we compared seasonal dynamics and
interannual variation of GPPyopi7a2 and GPPypy; (Fig. 12). At the
Maun site, GPPyop17a2 Was substantially lower than GPPgc during
the first half of the growing season but higher than GPPgc during
the second half of the growing season (Fig. 12a). At the Mongu site,
GPPpop17a2 Was substantially lower (up to 50%) than GPPgc through-
out the entire growing season (Fig. 12b). In Wu et al. (2010), the un-
derestimation of two PEMs (the VPM and MOD17A2) happened
among multiple-year simulations at a deciduous forest site. At the
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Fig. 9. Comparison between GPPgc and GPPypy at the Mongu site, Zambia, during (a) 2007/2008, (b) 2008/2009.
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(b) 2000/2001 season; (c) both 1999/2000 and 2000/2001 seasons. See also Table 4 for the slopes and R? values of individual simple linear regression models.

Mongu site in our study, it was found that both the GPP simulation
from the VPM (Gppvpm) and MOD17A2 (GPPMOD17A2) at this site
were underestimated compared to GPPgc, especially for GPPyop17a2
(Fig. 12b) which is consistent with the result from Wu et al. (2010).
A possible explanation might be that MODIS sensors are not able to
sense the shaded leaves within the canopy, since the Mongu site is lo-
cated in the Kataba Forest Reserve with a dense tree canopy, high LAI
(the canopy height is above 10 m with the fractional canopy cover of
67%) and very sparse understory vegetation (Section 2.1 and Fig. 1c),
and might be defined as “forest” to some degree. At the Maun site,
both GPPypy and GPPyopi7a2 didn't show the significant underesti-
mation compared with the Mongu site, and were closed to GPPgc
(slightly overestimated, Fig. 12a). The Maun is characterized as a
sparse woodland, with a canopy height of 5-10 m and fractional can-
opy cover of 36%. In this situation, the MODIS sensors may sense all
leaves within the canopy. In addition, other factors, such as global
climate datasets used in MOD17A2 product, maximum light use

efficiency parameter, and the fraction of photosynthetic active radia-
tion absorbed by vegetation canopy (FPARcanopy) further contribute to
the large discrepancies between GPPyiopi7a2 and GPPgc (Wu et al.,
2010). Detailed analysis of the MOD17A2 algorithm is beyond the
scope of this paper, but it does suggest that validation of satellite-
driven PEMs at individual flux tower sites of savanna woodlands is
important.

Savanna woodlands are widely distributed in the world, and GPP
estimates from various publications vary substantially in different
countries and continents. For example, GPP estimates ranged from
576 g C m~ 2 in semi-arid savanna to 1680 g C m~ 2 mesic savanna
woodlands in Northern Australia (Hutley et al., 2005; Kanniah et al.,
2011). GPP estimates varied from approximately 900-1380 g C m~?
for deciduous oak and grass savanna in California, USA (Ma et al.,
2007) to 1300-2200 g C m~2 for evergreen oak and grass savanna
in Portugal (Pereira et al, 2007). Only a few publications have
reported the use of the PEMs and MODIS data for estimating GPP in
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Pscatar; (2) without Tscatar, 1.€., € = €max X Wiscatar X Pscatars and (3) without both Wiaar and Tscaar, 1.6, € = €max X Pscalar (@) 2007/2008 season; (b) 2008/2009 season; (c¢) both 2007/2008
and 2008/2009 seasons. See also Table 4 for the slopes and R? values of individual simple linear regression models.
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A summary of model sensitivity analysis for the VPM model, including three cases of VPM simulations related to Wicyjar and Tscaiar: (1) without Wicajar, i.€., € = €max X Tscatar X Pscalars
(2) without Tscatar, 1.€., € = €max X Wicatar X Pscatars and (3) without both Wicajar and Tscatar, 1.6 € = €max X Pscalar-

Site Year GPPypy GPPypm_w/o_wscalar GPPypm_ wio _Tscalar GPPypw_w/o_wiscalar_Tscalar
= a x GPPgc = a x GPPgc = a X GPPgc = a x GPPgc
a R? a R? a R? a R?
Maun 1999/2000 1 0.92 1.17 0.91 1.15 0.73 1.50 0.55
2000/2001 1.02 0.64 1.20 0.57 1.12 030 1.46 0.18
Mongu 2007/2008 0.95 0.87 1.00 0.80 0.97 0.83 1.16 0.61
2008/2009 0.94 0.86 1.04 0.79 0.96 0.85 1.13 0.76

savanna woodlands (Kanniah et al., 2011, 2009; Sjostrom et al.,
2011). Evaluation of MODIS-based vegetation indices and the VPM
model at these different savanna woodland ecosystems in the world
would provide additional insight on vegetation phenology, biophysi-
cal performance of vegetation indices, and performance of the VPM
model in savanna woodland ecosystems.

5. Conclusion

The information of land surface phenology growing season length
is useful for simulations of satellite-based PEMs. In this study, the
land surface phenology of savanna woodlands, described by the satel-
lite vegetation indices, especially the NIR/SWIR-water-sensitive
vegetation indices (e.g., LSWI), was proven to agree well with the
phenology based on ecosystem physiology as measured by eddy co-
variance technique. Previous studies have shown that the Vegetation
Photosynthesis Model (VPM) provides robust and reliable estimates
of GPP across several biomes and geographic regions. This study has
also demonstrated the potential of the VPM to estimate the GPP in
two savanna woodland ecosystems in Southern Africa. The simulation
results showed that the VPM performs reasonably well in tracking the
seasonal dynamics and interannual variation of GPP at these two

savanna woodland sites. Further evaluation of the VPM simulations
for other savanna vegetation types is necessary before it is applied
to estimate GPP of savanna ecosystems in Southern Africa at regional
and continental scales.
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