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ABSTRACT
In this study, a zero-dimensional land surface model based on a vertically averaged representation of soil moisture in the
root-zone is coupled with grass dynamics represented by live and dead biomass pools. Five variants of the model combined the
different time steps (daily vs interstorm), representations of potential evapotranspiration (PET), and constant versus variable
water use efficiency (WUE). Model results were compared with field observations of soil moisture, live and dead biomass, and
leaf area index (LAI) from a long-term experiment in the Nebraska Sand Hills (NSH), USA. Results show that the simplest
model configuration using a constant WUE term, PET represented from a cosine function, and an inter-storm model time step
can capture grass dynamics nearly as well as daily model simulations with variable WUE. The model is then applied across the
NSH to investigate the performance of the model across a climate gradient, and identify parameters that can be calibrated to
improve regional predictions. For this purpose a senescence parameter that controls the decay of live aboveground vegetation
is further calibrated at 14 different locations across NSH. Model calibrations revealed the dependence of the senescence
parameter to regional variations in annual precipitation. Relating the senescence coefficient to annual precipitation using an
empirical equation improved the model predictions at the regional scale, and revealed a strong climatic control on grass LAI.
Finally, the model is tested against some existing empirical equations that relate annual grassland productivity to annual
precipitation and evapotranspiration. Copyright  2011 John Wiley & Sons, Ltd.
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INTRODUCTION
There is ever growing empirical evidence emphasizing the critical role of vegetation on land surface processes (Sakai et al., 2004; von Randow et al., 2004; Katul
et al., 2007; Favreau et al., 2009), soil moisture dynamics (Scanlon et al., 2005; Teuling and Troch, 2005), and
groundwater resources (O’Connell et al., 2003; Jobbagy
and Jackson, 2004; Scanlon et al., 2006), by regulating
exchanges of mass, energy, and momentum within the
land and the atmosphere. Besides hydrologists, geomorphologists also have long discussed the dependence of
land sediment fluxes and drainage density on climate
and vegetation based on observational evidence (Melton,
1957; Langbein and Schumm, 1958; Gregory and Gardiner, 1975; Walling and Kleo, 1979), and more recently
modeling (Tucker and Slingerland, 1997; Moglen et al.,
1998; Istanbulluoglu and Bras, 2005; Collins and Bras,
2010).
Interrelated, but mechanistically different land surface
processes mediated by vegetation dynamics operate at
various temporal and spatial scales (Reinhardt et al.,
2010). For example, vegetation responds to fluctuations
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in vapor pressure deficit, temperature, and atmospheric
CO2 concentration very rapidly by regulating their stomata (Jarvis, 1976; Jarvis et al., 1999), while the propagation of such effects to groundwater resources requires
longer time scales involving thresholds and nonlinearities, dictated by soil moisture dynamics, physical properties of soils, topography, and the regional climate
(Daly et al., 2004a; Maxwell and Kollet, 2008). Over
much longer time scales, with fluctuating climate and
changing biogeography, the integrated effects of ecohydrologic dynamics influence sediment yields, hillslopevalley transitions, and drainage density (Istanbulluoglu
and Bras, 2005; Istanbulluoglu et al., 2008; Collins and
Bras, 2010). However, we know little about the vegetation attributes and time scales that could be central to
erosion-vegetation coupling, especially when predicting
the impacts of climate change (Dietrich and Perron, 2006;
Tal and Paola, 2007; Murray et al., 2008; Istanbulluoglu,
2009; Reinhardt et al., 2010).
Parallel efforts in model development at two endmember spatial scales, small field plots and regional
to global scales, shaped the ecological modeling literature until the late 1990s. Small plot-scale experiments
led to empirical formulations of ecosystem productivity (Noy-Meir, 1973; Webb et al., 1978; Huxman et al.,
2004), and hierarchical competition–colonization models (Levins and Culver, 1971; Nee and May, 1992;
Tilman, 1994). Regional to global scale equilibrium
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biogeography models examined the climatic limits to
vegetation distribution [see review by Peng (2000)], and
catered to the climate modeling community to improve
the representation of land surface fluxes globally (Harrison et al., 1998, 2002; Wohlfahrt et al., 2004). However,
the absence of terrestrial biosphere–atmosphere coupling
limits the applicability of equilibrium approaches in predicting transient impacts of climate change on plant biogeography.
To address the deficiencies of equilibrium vegetation models, dynamic vegetation models (DVMs) have
emerged that integrate biophysical processes, biogeochemical cycles, and vegetation dynamics (Foley et al.,
1996; Cox et al., 2000; Sitch et al., 2000, 2003; Potter, 1999; Potter et al., 1999). When coupled to general circulation models (GCMs), DVMs have shown better performance in globally predicting vegetation types
and their transient response to climate change (Cramer
et al., 2001) relative to equilibrium biogeography models (Prentice et al., 1992; Haxeltine et al., 1996). However, DVMs have a number of limitations. First, while
DVMs explicitly simulate water balance in the vertical dimension and ecophysiological processes (Arora
2002; Cramer et al., 2001), they often neglect or oversimplify plant competition, recruitment, establishment,
mortality, and survival processes, and frequently disregard species differences in plant functional types. Only
a few models simulate competition and coexistence of
plant functional types explicitly, employing hierarchical competition–colonization theory at climate modelling
scales (Cox et al., 2000; Cox, 2001; Brentall et al.,
2005). Second, although simplified versions of DVMs
have shown good comparisons with field observations
(Montaldo et al., 2005; Williams and Albertson 2005),
these models require a large number of input parameters
and often work at minute to hourly time steps, making them less tractable for sensitivity analysis identifying
the dominant processes causing observed ecosystem patterns. Hatton et al. (1994) caution that in some complex
models most parameters, especially those representing
belowground processes, have no direct relations to any
meaningful spatial scale.
Taking a reductionist approach, Eagleson (1978a–g)
developed a statistical–dynamical water balance model in
the vertical dimension to explain the observed large-scale
hydrologic behaviour using three soil and two vegetation parameters. His approach is based on the equilibrium
assumption between hydrological and ecological states of
the system. This assumption later led to three ecological
optimality hypotheses that bridge the gap between hydrology and ecology (Eagleson, 1982; Eagleson and Tellers,
1982; Eagleson and Segarra, 1985), constraining and minimizing the necessity of model over-parameterization at
regional scales. The basis of this theory and its applicability in ecological research has been discussed in the
literature (Salvucci and Entekhabi 1994, 1995; Hatton
et al., 1997).
Copyright  2011 John Wiley & Sons, Ltd.

Similar to the approach taken by Eagleson (1978a–g),
but seeking organized structures in the model outcome rather than imposing optimality as a hypothesis, Rodriguez-Iturbe and coworkers used simplistic
representations of ecosystem water balance integrated
with vegetation water-uptake, drought stress, and colonization strategies (Rodriguez-Iturbe and Porporato,
2004). Their papers illustrate the role of climate fluctuations, soils, plant water-use strategies, and local plant
interactions in the organization of semiarid ecosystems
(Rodriguez-Iturbe and Porporato, 2003; van Wijk and
Rodriguez-Iturbe, 2002), vegetation within river networks
(Muneepeerakul et al., 2008a), wetlands, and riparian
zones (Muneepeerakul et al., 2008b; Laio et al., 2009;
Tamea et al., 2009, 2010). While complex DVMs are
generally used for large-scale predictions of vegetation
biomass, simpler ecohydrology models have facilitated
research investigating ecosystems as complex adaptive
systems (Levin, 1998) and identifying dominant controls in the ecosystem response and organization through
numerous numerical modelling experiments (van Wijk
and Rodriguez-Iturbe, 2002; Caylor et al., 2005, 2009;
Scanlon et al., 2007). The analytically tractable nature
and simplicity of these models have also promoted their
use in landscape evolution models for ecohydrologic
modelling at geomorphologically significant time scales
(Istanbulluoglu and Bras, 2006; Collins and Bras, 2008,
2010).
On the other end of the spectrum are recently developed complex models that couple detailed biochemical
processes and carbon dynamics (as in DVMs), with representations of physics-based hydrology using finer scale
digital elevation models (DEMs) (Tague and Band, 2004;
Ivanov et al., 2008a,b; Hwang et al., 2009). Such models
have been used to examine the role of spatial distribution
of energy and water on vegetation organization across
landscapes (Ivanov et al., 2008b), test and confirm ecological optimality hypotheses (Hwang et al., 2009), and
form testable hypothesis regarding the role of topography
governing vegetation dynamics (Ivanov et al., 2008b).
One of the grand challenges of modelling ecohydrologic vegetation dynamics is to develop models that
are transferable across varying space and time scales,
while using a low number of meaningful and measurable parameters in the field. A few papers have focused
on strategies for simplifying vegetation models. Most
notably, Daly et al. (2004a, 2004b) illustrated how coupled dynamics of soil moisture, transpiration, and photosynthesis can be upscaled from hourly to daily and
seasonal levels, while retaining the fundamental characteristics of carbon assimilation. In an attempt to identify a
parsimonious and robust ecohydrologic model for semiarid climates, Montaldo et al. (2005) experimented with
five different levels of vegetation model complexity, each
with one less vegetation state variable, coupled to a landsurface model running at half-hourly time steps. They
realistically capture the leaf area index (LAI) dynamics
of two water-limited grasslands with a simple representation of live aboveground biomass.
Ecohydrol. 5, 121–142 (2012)
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Motivated by the aforementioned works, in this paper
we couple a vertically lumped bucket hydrology model
with biomass dynamics represented by live and dead
biomass pools (Section Model Description: A Bucket
Grassland Model (BGM)). In Section Model Application in Barta Brothers Ranch, NE, we first define five
different model variants to examine the effects of simulation time step (daily and interstorm), and representations
of potential evapotranspiration and water-use-efficiency
variables in the model. We then calibrate the model at a
research site located in the eastern Nebraska Sand Hills
(NSH) using 4 years of growing season soil moisture and
vegetation data and 10 years of weather and satellitederived [moderate resolution imaging spectroradiometer
(MODIS)] LAI data. We use the model to address the
following questions for our semi-arid grassland system:
(1) What are the most critical climate variables that control grassland response? (2) What is the role of dayto-day potential evapotranspiration fluctuations and their
interstorm average representation on soil moisture, hydrologic fluxes, and seasonal grassland response? (3) Can the
regional variability in grassland response be represented
using a model calibrated at a point?
In Section Regional Model Application in the NSH
we investigate the performance of the model across
a climate gradient, and identify parameters that can
be calibrated to improve regional predictions. For this
purpose a senescence parameter that controls the decay
of live aboveground vegetation is further calibrated at 14
different locations across the NSH. Model calibrations
reveal the dependence of the senescence parameter to
regional variations in annual precipitation. We then show
how relating senescence to annual precipitation improves
regional model predictions. In the final section (Section
Long-Term Simulations in the NSH and Comparisons
With Empirical Model) we test this model against several
existing empirical models we obtained from the literature
that relate grassland productivity to annual precipitation
and evapotranspiration.
MODEL DESCRIPTION: A BUCKET GRASSLAND
MODEL (BGM)
Soil water balance at a point
Depth averaged conservation of water in the root zone
is represented by the mass balance equation (Eagleson,
1982; Rodriguez-Iturbe, 2000):
ds
D Ia  ETa s  Ds
1
dt
where n [] is porosity, Zr [L] is effective rooting depth,
s [] is saturation degree (i.e. volumetric soil moisture
content normalized by n), t [T] is time, Ia [LT1 ] is
infiltration rate, ETa [LT1 ] is actual evapotranspiration
rate, and D [LT1 ] is drainage rate from the root zone.
A finite amount of rainfall is assumed to be intercepted
by the canopy approximated by:
nZr

CI D minImax Vt , PVt 
Copyright  2011 John Wiley & Sons, Ltd.
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where Imax [L] is a maximum daily interception, and Vt
[] is the fraction of vegetation cover on the land surface
that includes both dry and live biomass components, and
P is the depth of rainfall [L]. When P is larger than CI ,
throughfall occurs at the same rate as precipitation, while
the duration of rainfall reaching the ground is reduced to
account for the time for filling canopy storage during the
early part of the rain.
When the soil is unsaturated, Ia is determined by
the minimum of the rate of rainfall and soil infiltration
capacity after the canopy storage is satisfied. Upon soil
saturation, infiltration rate is reduced to the rate of
drainage as:

Min[p, Ic ] 0  s < 1 P > CI
3
Ia D
D
s D 1,
P > CI
where p is the average rainfall rate calculated from storm
depth divided by storm duration, and Ic is infiltration
capacity. This model allows both infiltration and saturation excess runoff generation mechanisms. In both cases,
surface runoff R [LT1 ] occurs when p exceeds Ia :

p  Ia  p > Ia
RD
4
0
p  Ia
Assuming uniform soil texture, porosity, and hydraulic
conductivity of the soil column, the unit hydraulic
gradient assumption is applied at the lower boundary of
the root zone to calculate drainage:

KS ,
sD1
5
Ds D
Ks D KS s2bC3 sfc < s  1
where Ks [LT1 ] is unsaturated hydraulic conductivity
and b [] is an empirical parameter in the Campbell
soil moisture retention model (Campbell, 1974). This
equation neglects the influence of soil suction beneath the
root zone, as used in some ecohydrology and land surface
models (e.g, Liang et al., 1994; Laio et al., 2001).
Actual evapotranspiration ETa is calculated using a
widely accepted soil moisture limitation approach as:
ETa D PET Ð ˇs s

6

where PET [LT1 ] is potential evapotranspiration that
represents the maximum evapotranspiration rate of the
combined soil-vegetation surface, and ˇs is evapotranspiration efficiency term based on soil moisture (Dyck,
1983; Laio et al., 2001):

0,
sh < s  sw



s  sw , s < s  sŁ
7
ˇs s D
Ł
w


s

s
w

1
sŁ < s
where sh is soil hygroscopic capacity, and sw and sŁ
are soil moisture levels corresponding to plant water
potentials at wilting point and incipient stomata closure,
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respectively (Laio et al., 2001). In equation (6) evaporation is at its potential rate when s > sŁ ; decays linearly
in response to soil moisture deficit when s < sŁ until
the wilting point is reached (Laio et al., 2001). When
the surface is devoid of vegetation, sw is replaced by
the hygroscopic water content, sh . A soil moisture retention curve (Campbell, 1974) can be used to calculate the
threshold soil moisture values of sfc , sŁ , sw , and sh for different soil textures based on the corresponding soil matric
potentials defined for soil and plant conditions (Pockman
and Sperry, 1997, 2000):

B
8
s  D
ae

where [L] is the corresponding matric potential for sfc ,
sŁ , sw , and sh , and ae [L] is air entry pressure.
In Equation (6), PET is strongly related to vegetation
cover condition, which controls the resistance of the
canopy for evaporation. Because the model presented
here is a grassland model, we used the widely accepted
and tested reference evapotranspiration (ETR ) concept
to calculate potential evapotranspiration of a natural
grassland surface. ETR is defined as the rate of evapotranspiration from an extensive surface of healthy, wellwatered live grass of uniform height completely shading
the ground. These hypothetical conditions were represented in the Penman–Monteith transpiration equation
using a grass height of 0Ð12 m, with an active reference
LAI (LAIR ) of 1Ð44, surface resistance of 70 s m1 , and
0Ð23 for albedo (Allen et al., 1989, 1998). We assumed
that ETR represents the upper limit of evapotranspiration
when LAIl ½ LAIR . When LAIl < LAIR , the fraction of
the vegetated surface transpiring at the reference rate is
calculated by the LAIl to LAIR ratio, while the remaining
area fraction is assumed to evaporate at a bare surface
rate. This approximation is similar to the one used by
Brolsma and Bierkens (2007). Assuming that the intercepted rainfall will satisfy the initial atmospheric demand
for evapotranspiration, daily PET of a natural grassland
surface is calculated as:

ET  C ,
LAIl ½ LAIR

  R LAII l
ETR LAI
PET D
R


LAIl   C , LAI < LAI
CEb 1  LAI
I
l
R
R
9
where Eb [LT1 ] is potential evaporation from bare soil.
During the dormant season, Eb controls soil drying,
while transpiration dominates PET during the growing
season in grasslands. This formulation is similar to those
used in earlier studies (Montaldo et al., 2005; Williams
and Albertson, 2005), except that the LAIl to LAIR
ratio is used to determine the relative contributions of
transpiration and soil evaporation to PET in this study.
One limitation in this formulation is that PET cannot
exceed ETR . However, this is an acceptable assumption
for semi-arid grassland ecosystems, as soil moisture
limitation is the major control on evapotranspiration
(Kurc and Small, 2004; Williams and Albertson, 2004).
Copyright  2011 John Wiley & Sons, Ltd.

To reduce data requirements and keep the model simple,
Eb is taken as a fraction of ETR represented by ks (e.g.
Eb D ks ETR ) similar to Mutziger et al. (2005). We use ks
as a calibration parameter.
Biomass Production
The biomass production model simulates daily (or interstorm average) net primary productivity (NPP, g DM m2
d1 ) at the ecosystem scale, and its allocation to surface
and root biomass pools. In the model, NPP is calculated
as the difference between gross primary productivity
(GPP, g DM m2 d1 ) and plant autotrophic respiration
(Ra , g DM m2 d1 ), where GPP is linearly related
to daily ETa through an ecosystem water-use-efficiency
parameter (WUE, kg CO2 kg1 H2 O) representing the
amount of carbon gained for each unit of water lost
(Emmerich, 2003; Williams and Albertson, 2004; Scott
et al., 2006):
NPP D GPP  Re D ETa Ð WUE Ð v Ð w  Ra

10

where v (kg m3 ) is water density and w converts CO2
gained to dry matter (kg DM kg1 CO2 ). Ideally in
Equation (10), actual transpiration (Ta ) should be used
especially when canopy cover is sparse, as bare soil
evaporation does not contribute significantly to carbon
assimilation. Here ETa is preferred for two reasons. First,
it is challenging to separate Ta from ETa at the level of
model complexity we strive for in this paper, and second,
most field campaigns that report ecosystem WUE also
rely on total evapotranspiration (Emmerich, 2003).
Plant autotrophic respiration (Ra ) is composed of
maintenance (Rm ) and growth (Rg ) respirations, Ra D
Rm C Rg , which are often related to photosynthesis,
Rubisco level, and soil, air, and leaf temperatures (Collatz
et al., 1992; Arora, 2002). After subtracting Rm from
GPP, Rg is approximately 25% of the remainder (Ryan,
1991; Sitch et al., 2003), which reduces NPP to:
NPP D 0 Ð 75GPP  Rm 

11

Furthermore, nighttime CO2 exchange is dominated by
Rm . By studying the daytime and nighttime net ecosystem CO2 exchange in an African savanna, Williams and
Albertson (2005) found evidence indicating the dependence of nighttime respiration on daytime assimilation
(or GPP in Equation (11)) with Rm approximately 40%
of daytime GPP. Including a coefficient representing the
role of nighttime respiration we write Equation (11) as:
NPP D 0 Ð 75 Ð 1  ETa Ð WUE Ð v Ð w

12

where  is the ratio of nighttime to daytime CO2
exchange. In an African savanna this coefficient was
found to vary between 0Ð29 and 0Ð47 (Williams and
Albertson, 2005). Equation (12) is also consistent with
biophysical models that estimate growth respiration as a
constant fraction of canopy assimilation less maintenance
respiration utilized for tissue growth (Ivanov et al.,
2008a).
Ecohydrol. 5, 121–142 (2012)
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Based on Fick’s law, daytime WUE can be calculated
as (Farquhar et al., 1989):
WUEd D

PCO2 1  ˛
Rca
gv /gc ei  ea 

13

where PCO2 is the partial pressure of CO2 in the air
(PCO2 D Pair Caco2 , where CaCO2 is the molar concentration of ambient CO2 in the air and Pair is air pressure),
˛ is the ratio of intercellular to ambient CO2 concentration, gv and gc are air diffusivities of water vapor and
CO2 respectively (gv D 1Ð6gc ) (Farquhar and Sharkey,
1982), ei and ea are water vapor pressures inside the leaf
and in the air respectively, and Rca is the ratio of mol
weight of CO2 to mol weight of air. The use of a constant WUE for daytime hours is supported by field studies
in an arid forest of the Negev desert (Grunzweig et al.,
2003). Kurc and Small (2007) noted that in central New
Mexico, a constant WUE is an acceptable assumption
during the growing season with negligible soil evaporation, when the net ecosystem exchange is dominated by
assimilation.
In dynamic vegetation models the timing of growing
season onset (transition from dormancy) and offset (transition to dormancy) is often triggered when a set of environmental conditions including favourable air and soil
temperatures, soil moisture, day length, day of year and
positive net photosynthesis are met for a certain period
of time. These conditions vary depending on soil, vegetation, and climate, and are often represented by threshold
parameters (Cayrol et al., 2000; Sitch et al., 2003; Ivanov
et al., 2008a). To keep the number of model forcing
variables and input parameters low, we used ETR as a surrogate variable for climatic favourability to plant growth,
and defined thresholds for the onset (GT: growth threshold) and offset (DT: dormancy threshold) of the growing
season. In applying this threshold, ETR is averaged over
a period of 30 consecutive days (ETR -30) before the day
in which growth is simulated, and NPP is calculated
between the periods when ETR -30 is higher than GT,
and until ETR -30 falls below DT.
Aboveground green Bg , aboveground dead Bd , and
root Br biomass (g DM m2 ) are modelled based on
ordinary differential equations as commonly used in
vegetation dynamics models (Arora, 2002; Montaldo
et al., 2005, 2008; Williams and Albertson, 2005; Ivanov
et al., 2008a). NPP is partitioned between Bg and Br using
an allocation coefficient that depends on available space
(Williams and Albertson, 2005). Senescence of Bg , Bd ,
and Br pools follow a first-order decay model. Equations
for tracking the mass balance for Bg , Bd , and Br are:
dBg
D NPPa  ksg Bg
14a
dt
dBr
D NPP1  a   ksr Bd
14b
dt
dBr
D ksg Bg  kdd sd Br
14c
dt
where, ksg , ksr , and kdd are decay coefficients for green
and root biomass, and dead biomass respectively. In the
Copyright  2011 John Wiley & Sons, Ltd.

simulations ksg and ksr are used in both the growing
and dormancy periods. During dormancy ksg is doubled
to represent unfavourable environmental conditions for
growth. The allocation coefficient a , and adjustment
coefficient for dead biomass loss rate sd are calculated
using the following equations respectively:


LAIg
a D 1 
15a
LAImax  LAId
15b
sd D minETR /PETd max , 1
In Equation (15a), LAIg is the green LAI, LAImax is
the maximum total LAI grasses can reach including dead
and green LAI, and LAImax  LAId is the available space
for live biomass growth. We use LAImax D 5 to represent
maximum total grass LAI. In Equation (15b), the effect
of temperature on the decomposition of dead biomass
is incorporated by a ETR /PETd max ratio such that the
rate of decay is higher during warmer days. PETd max
is a calibration parameter. Adding this form in the model
improves the predictions of the magnitude of the peak
total biomass and its timing. Specific leaf area for green
(cg ) and dead (cd ) biomass are used to calculate live,
dead, and total LAI respectively as:
LAIg D cg Bg

16a

LAId D cd Bd

16b

LAIt D LAIl C LAId

16c

Finally, vegetation cover fraction for total biomass is
calculated with an exponential function (Lee, 1992):
Vt D 1  exp0Ð75LAIt 

17

Soil and vegetation parameters used in BGM are listed
in Table Ia,b respectively. Selection of the parameter
values is described in Section Model Application in Barta
Brothers Ranch, NE.
Study area and data
The model outlined above was first calibrated at the
University of Nebraska Barta Brother Ranch (BBR)
site located in the eastern Nebraska Sand Hills (NSH),
and then applied at 14 other National Weather Service
Cooperative network (COOP) stations across the NSH
region (Figure 1). The NSH is the largest, native grassstabilized sand dune area in the Western Hemisphere.
The Holocene record of the NSH indicates that it has
undergone regional, devegetation-related dune mobilizations four to six times during the past 10 000 years
(Loope and Swinehart, 2000; Miao et al., 2007). However, except for small, localized “blowouts”, the NSH
dunes have been stable for the last century. As much as
70% of the annual precipitation falls during the growing
season from April to September. March through May is
the windiest season with dominant northwest winds (wind
speed ¾5Ð5 m s1 ). During most of the growing season,
Ecohydrol. 5, 121–142 (2012)
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Table IA. Soil Parameters used in BGM.
Soil parametersa

Description

Typical value
Sand

n
KS
B
ae

sfc
sŁ
sw
sh
a Soil parameters are
b Spatial mean value

Porosity ()
Saturated hydraulic conductivity (mm day1 )
Empirical parameter in the Campbell model []
Air entry matric potential (mm)
Saturation degree at field capacity []
Saturation degree at stomata closure
Saturation degree at wilting point
Saturation degree at soil hygroscopic capacity

0Ð35
1500b
4Ð05
121
0Ð35
0Ð33
0Ð09
0Ð08

Loamy sand

Loam

0Ð42
1008
4Ð38
127
0Ð52
0Ð31
0Ð11
0Ð08

0Ð45
216
5Ð39
148
0Ð65
0Ð57
0Ð24
0Ð19

from Laio et al. (2001), except Ks and sw of sand.
of measurements in NSH from Wang et al. (2008).

Table IB. Vegetation parameters used in BGM.
Description

Typical
value

Sourcea

Effective rooting depth (mm)
Maximum daily interception (mm)
Bare soil evaporation coefficient
Growth and dormancy thresholds (mm d1 )
Natural decay factors for live, dead, and root biomass [d1 ]
Constant for dead biomass loss adjustment (mm d1 )
Constant water use efficiency used for experiments
DS2, DS3, IS1, and IS2 [kg CO2 kg1 H2 O]
Ratio of nighttime to daytime CO2 net ecosystem exchange []
Specific leaf area for green and dead biomass [m2 leaf g1 DM]
Ratio of intercellular to ambient CO2 concentrations []
Diffusivities of water vapor and CO2 in air [m2 s1 ]
Conversion of CO2 exchange to dry matter [kg DM kg1 CO2 ]
Ambient CO2 concentration [ppm]

500
1
0Ð7
3Ð8, 6Ð8
0Ð012, 0Ð013
10
0Ð01

1
2
Calibration
Calibration
Calibration
Calibration
Calibration

0Ð3
0Ð0047, 0Ð009
0Ð6
2Ð4, 1Ð6
0Ð55
350

3
4
5
6
7

Vegetation
parameter
ZR
Imax
ks
GT, DT
ksg , kdd
PETdmax
WUEc

cg , cd
˛
gv , gc
w
CCO2
a

Sources are as follows: (1) Wang et al. (2009a); (2) Scanlon and Albertson (2003); (3) Williams and Albertson (2004); (4) Field observations;
(5) Midgley et al. (2004); (6) Campbell and Norman (1998); (7) Scholes and Walker (1993).

homogeneous C4 -dominated grasslands provides a natural setting for studying the response of grassland productivity to precipitation using models and satellite data.

Figure 1. Map illustrating the NSH outlined by red within the state of
Nebraska, USA; locations of the COOP meteorological stations (green
symbols) and theBBR site (red symbol).

southerly winds (¾4Ð3 m s1 ) bring moisture from the
Gulf of New Mexico.
The COOP weather stations where the model is
run have long-term daily air temperature and rainfall data, with mean annual precipitation (Pa ) ranging
from 433 mm in the western Sand Hills, to 634 mm in
the eastern Sand Hills (Table II). The longest weather
data available is for Ainsworth NE (1890–2010). The
east-to-west precipitation gradient together with relatively
Copyright  2011 John Wiley & Sons, Ltd.

Barta brothers ranch site. The Barta Brothers Ranch
(BBR), located in the eastern NSH, is part of the largescale Grassland Destabilization Experiment (GDEX),
which investigates the ecological and geomorphic stability of the NSH using field plots with varying vegetation
treatments. In this paper, we use data from a control plot
where grassland is kept in natural condition. Mean annual
temperature at the site is 8Ð1 ° C and mean annual precipitation is 576 mm. About 90% of the landscape at the site
is composed of upland dunes and dry inter-dune areas
covered by native grasslands, while the remaining 10%
consists of wet meadows. Holocene eolian sand deposits
overlie Quaternary and/or Pliocene alluvial sand and silt
with low organic matter contents across the NSH.
The field observations we use include growing season
root-zone soil moisture, and the amount of live and dead
aboveground biomass as well as green LAIg measured
for 4 years (2005–2008). Soil moisture data is limited to
the first 3 years owing to equipment malfunctioning. The
technical details and methods used in field observations
Ecohydrol. 5, 121–142 (2012)
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Table II. Summary of the COOP stations.
Station
name
Ainsworth
Arthur
Brewster
Chambers
Ellsworth
Ericson
Hemingford
Hyannis
Mullen
Newport
Oakdale
Tryon
Valentine 1
Valentine 2

Latitude

Longitude

Starting
yeara

Mean ETp – H
ar (mm a1 )b

Mean Pa
(mm a1 )

Soil
texturec

ANPP
(g DM m2 )

42Ð55
41Ð57
41Ð94
42Ð20
42Ð25
41Ð80
42Ð32
42Ð05
42Ð25
42Ð60
42Ð07
41Ð55
42Ð57
42Ð88

99Ð86
101Ð69
99Ð86
98Ð75
102Ð20
98Ð78
103Ð07
101Ð76
101Ð34
99Ð33
97Ð97
100Ð96
100Ð69
100Ð55

1890
1948
1912
1948
1963
1893
1964
1997
1948
1892
1893
1948
1948
1948

1528Ð6
1589Ð6
1595Ð1
1497Ð2
1544Ð2
1559Ð4
1513Ð1
1561Ð4
1573Ð9
1533Ð0
1483Ð8
1610Ð9
1540Ð0
1557Ð4

546Ð0
476Ð6
547Ð5
608Ð0
445Ð9
572Ð9
433Ð6
510Ð4
555Ð7
583Ð7
632Ð7
474Ð6
552Ð0
472Ð2

LS
S
LS
LS
S
LS
L
S
LS
LS
L
S
S
LS

317Ð49
294Ð44
328Ð57
336Ð14
272Ð41
332Ð28
261Ð68
296Ð72
329Ð95
332Ð66
340Ð63
297Ð34
321Ð33
290Ð67

a All records end in 2009.
b Mean ET
p – H is the mean

annual potential evapotranspiration estimated using the calibrated Hargreaves equation with K1 D 0Ð0022 and K2 D 31Ð8
(Equation 19).
c Soil textural types are: LS-loamy sand, L-loam, and S-sand.

at BBR are described elsewhere (Sridhar and Wedin,
2009). Half-hourly soil moisture data measured at 10,
25, and 50 cm depths are averaged to represent mean
daily soil moisture in the root zone. In averaging the soil
moisture data vertically in the root zone, the weight of
each soil moisture probe is taken as proportional to the
distance between probes. Measured soil moisture, LAIg ,
and live and dead biomass data are used to calibrate the
ecohydrology model in the BBR site.
Weather, soil, and vegetation data across the NSH .
BGM is first calibrated and run at the BBR site and then
in 14 selected COOP stations across the NSH. At the
BBR site an Automated Weather Data Network (AWDN)
weather station, run by the High Plains Regional Climate
Center at the University of Nebraska-Lincoln has been in
operation since the year 2000. Measured variables include
precipitation (P), net radiation (RN ), air temperature (Ta ),
relative humidity (RH), and wind speed (u). This data is
used to calculate grass ETR (Allen et al, 1989, 1998) for
running and calibrating the model for the BBR site.
To run the model across the NSH we retrieved daily
precipitation, and maximum and minimum temperature
(Tmax and Tmin ) data from 14 different COOP stations
across the NSH (Figure 1). Table II summarizes the
attributes of the COOP stations used in the study. Daily
potential evapotranspiration for COOP stations is calculated using the Hargreaves equation (ETp – H ) calibrated
for NSH against grass ETR . The Hargreaves equation
in its standard form can be written as (Hargreaves and
Samani, 1982):
ETp – H D K1 Ra Tmean C K2 Tmax  Tmin 0Ð5

18

where Tmean is mean daily air temperature (° C), Ra
is calculated extraterrestrial radiation based on latitude
and the month of the year [mm/d], and K1 and K2
are empirical parameters which are 0Ð0023 and 17Ð8
Copyright  2011 John Wiley & Sons, Ltd.

as reported in the original equation (Hargreaves and
Samani (1982). This method has been used in a number
of studies when weather data is limited to temperature
(Sankarasubramanian et al., 2001; Small, 2005; Wang
et al., 2009a)
Aside from a simplified modelling framework, the parsimony of our ecohydrologic model also relies on a low
number of model input parameters, which is of particular importance for long-term and large spatial-scale
landscape evolution simulations with highly uncertain
climatic conditions (Istanbulluoglu, 2009). Compared to
the Penman–Monteith (P–M) method, the Hargreaves
equation requires the minimum inputs of routinely measured meteorological data for calculating ETR (Allen
et al., 1998). However, to more accurately estimate ETR
using the Hargreaves equation, it may be prudent to calibrate this equation against the P–M equation based on
regional climatic conditions (Gavilan et al., 2006). In the
NSH, ETp – H is systematically lower than ETR if the original values of K1 and K2 are used (Wang et al., 2009a).
The Hargreaves equation is calibrated in Ainsworth, NE,
where both AWDN and COOP stations are located with
3 km. By minimizing the sum of squares of the differences between the daily predictions of both equations, we
obtained K1 D 0Ð0022 and K2 D 31. While the calibrated
K1 is almost identical to the original value reported by
Hargreaves and Samani (1982), K2 for NSH is as high as
twice the standard value. Calculated mean annual ETp – H
using Equation (18) for the COOP stations are reported
in Table II.
In the regional analysis of BGM, model-predicted LAI
is compared against MODIS-LAI data (MCD15A2) from
2000 to 2009 in all sites, including the BBR study area.
The MODIS-LAI data set has a spatial resolution of
1 km and a temporal resolution of 8 days. At each COOP
station, LAI data are first extracted using a window of
3 ð 3 MODIS grid cells with the COOP station located
Ecohydrol. 5, 121–142 (2012)
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at the center, and mean values of LAI from the nine grid
cells are then used for validating the model results. The
soil texture at each COOP station is obtained from the
U.S. SSURGO soil database (Table II).
MODEL APPLICATION IN BARTA BROTHERS
RANCH, NE
Model variants
We explored five different variants of BGM using data
from the BBR study site. The models are based on the
theory described above, each with certain simplifications
either in the model time step, representation of potential
evapotranspiration, and the use of WUE factor, or both.
The different BGM variants are summarized in Table III.
Among these five BGM variations, the first three simulations (DS1, DS2, DS3) use daily time steps (DS) and
the remaining two simulations use inter-storm (IS) time
steps (IS1, IS2).
DS1 and DS2 are designed to examine the role of
temporal variations in WUE (Equation 13) on biomass
production. DS1 uses calculated daily WUE and ETR ,
which requires daily hydrometeorological inputs of RN ,
RH, Ta , u, and P. DS2 is the same as DS1, but instead of
a daily calculated WUE it uses a constant WUE selected
by trial-and-error through visual comparisons between
observed and simulated vegetation biomass. In DS3, in
addition to a calibrated constant WUE, seasonal variation
of daily ETR is represented by a cosine function with
an annual cycle. A cosine function has been used in
some modelling studies to examine seasonality effects
on vadose zone fluxes (Small, 2005; Potter et al., 2005):
ETm
T  LET  Nd /2
cos 2
 C ETR
2
Nd
19
where, ETm is the difference between the maximum and
minimum limits of the cosine wave throughout the year,
LET is the time lag between the peaks of ETR and net
radiation, ETR is the mean daily ETR over a year, and
Nd is the number of days in a year. In this model, for
ETR – cos T D

LET D 0, the peak of ETR occurs at the end of June (i.e.
T D Nd /2). The cosine curve is fitted to time series of
calculated daily ETR separately for each year (Figure 2).
The purpose of DS3 is to examine the impact of dayto-day fluctuations in ETR on modelled soil moisture
and biomass production. Should the seasonal function
of ETR yield satisfactory predictions of soil moisture,
it can potentially be used for long-term simulations of
ecohydrologic processes.
Most recent ecohydrology models are based on interstorm or whole growing season average PET (RodriguezIturbe and Porporato, 2003; Pumo et al., 2008). The role
of PET fluctuations on the variability of modelled soil
moisture was examined theoretically by Daly and Porporato (2004a,b), using a stochastic model of soil moisture.
In this paper, the interstorm (IS) simulations are designed
to examine the influence of averaging PET over time on
biomass production, soil moisture, and the components
of vertical water balance using BGM. Two IS simulations (IS1 and IS2) were conducted, both driven by a
constant WUE (as also used in DS2 and DS3). The difference between the two simulations is that a calculated
daily ETR is used in IS1, and ETR is approximated by
Equation (19) in IS2.
Model calibration
The five model scenarios (Table III) were run for 9 years
from 2000 to 2009 using the AWDN weather station data
at the BBR site. Daily reference grass evapotranspiration
(ETR ) was used in all simulations (Allen et al., 1998).
The model is only calibrated once for a DS1 simulation
in the BBR site using 4 years of soil moisture and
biomass observations. The parameter values selected
for the model are reported in Table Ia for soils and
Table Ib for vegetation. Five model parameters are used
for calibration. These include three vegetation decay
parameters for live and dead biomass: ksg , kdd , and
PETd max ; and two phenology parameters that control
the onset of growth (GT) and dormancy (DT) periods.
Calibrated parameters are used in all other runs across
the NSH. The influence of weather on the decay of

Table III. Summary of BGM variants and modelled hydrological fluxes and states for the BBR site.
Time
step

Code

Description

Daily

DS1
DS2
DS3

Inter-storm

IS1
IS2

WUEd and ETR
WUEc and ETR
WUEc and ETR – cos
WUEc and ETIS
R
WUEc and ETIS
R – cos

ETR a
(mm d1 )

CV2 -ETR

ETa /Pa

Da /Pa

s

ANPPb
(g DM m2 )

4Ð14
4Ð14
4Ð14

0Ð72
0Ð72
0Ð56

0Ð879
0Ð876
0Ð912

0Ð129
0Ð132
0Ð096

0Ð180
0Ð180
0Ð17

292Ð96
291Ð20
335Ð51

4Ð62 (4Ð14)
5Ð34 (4Ð14)

0Ð57
0Ð35

0Ð823
0Ð860

0Ð184
0Ð148

0Ð203
0Ð206

306Ð83
343Ð86

WUEd , daily calculated WUE (Equation 13); WUEc , constant WUE (Table II); ETR , daily calculated reference evapotranspiration using the P–M
approach;
IS
ETR – cos , ETR obtained from a cosine function fitted to ETR from the P–M equation; ETIS
R , interstorm averaged ETR ; ETR – cos , interstorm averaged
ETR – cos .
In all simulations I/P is ¾0Ð11.
a ET : ET averaged over the simulated periods. The values in parentheses for IS1 and IS2 are calculated using weighted average of ET based on
R
R
R
interstorm duration, naturally yielding a value same as the average of the original data.
b CV: Coefficient of variation of ET . In IS1 and IS2, CV is calculated directly from ET data for each interstorm without considering weights due
R
R
to differences in interstorm durations.
Copyright  2011 John Wiley & Sons, Ltd.
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Figure 2. (a) Daily rainfall pulses separated with interstorm durations, and (b) calculated daily reference evapotranspiration (ETR ), ETR represented
by a cosine function, ETR – cos , and the mean interstorm (IS) averaged ETR , ETIS
R , for the weather station at the Barta Brothers Ranch site in NSH.

dead biomass is represented implicitly on kdd (dead
biomass decay coefficient) by relating it to ETR /PETd max
where PETd max is a calibration parameter (Equation 16)
calibrated to 10 mm d1 . This value is higher than 96%
of ETR in a year. With the selected PETd max there
are on average 14 days per year that experience the
maximum rate of kdd (Table Ib). This correction in kdd
improves the representation of total biomass dynamics
significantly in the BBR site. Roots are eliminated
from the simulation for simplicity and we assumed
that on the first day of the growing season there is
4 g DM m2 of initial live biomass on the surface.
Experimenting with the model we see that what is
critical for growth to initiate in the model is not the
amount but the existence of some live biomass on the
surface.
Soil parameters, except for Ks , are directly taken
from the literature for texture-specific class averaged
values (Clapp and Hornberger, 1978; Laio et al., 2001).
Measured Ks values for the BBR region are at the high
end of the typical Ks range for sandy soils reported
in the literature. Because of that, to better characterize
this aspect of the site in the model, we used the
spatial mean of the Ks measurements of Wang et al.
(2008) in the BBR site. The effective rooting depth
Zr is set to 0Ð5 m following Wang et al. (2009b) who
reported approximately 90% of total root biomass in
the top 50 cm depth for the BBR site soils. All the
simulations are initiated with soil moisture at 50% of
the plant available soil moisture (sfc  swp ) content,
230 g DM m2 of dead biomass, and 4 g DM m2
of live biomass in year 2000. The initial value for
dead biomass is adjusted such that the peak value
of total biomass during the first year of simulations
in 2000 is in general agreement with those observed
during the 2005 through 2009 field campaigns. Next,
soil moisture and vegetation results are presented for the
BBR site.
Copyright  2011 John Wiley & Sons, Ltd.

Soil moisture dynamics
In the BBR site the model is run from 2000 to 2009.
Modelled mean daily (DS1, DS2, DS3), and mean interstorm (IS1, IS2) soil moisture contents in the root zone
are plotted in Figure 3a–e along with root zone averaged
observed soil moisture for three growing seasons (2005,
2006, and 2007) at the BBR site. Note that IS simulations
have a fewer number of data points as they only represent
mean soil moisture between two storms. Mean annual
fluxes for drainage and actual evapotranspiration normalized by precipitation; daily soil moisture, and vegetation
productivity for these 9-year simulations are reported in
Table III. Among the three years plotted, 2005 was the
wettest with ¾563 mm of annual rainfall, leading to relatively higher soil moisture throughout the growing season
than the other two years with annual rainfall depths of
528 mm and 541 mm respectively (Figure 3 a–e). Overall, in all simulations, the model is in good agreement
with observed soil moisture especially during 2005. In
2006 and 2007 the model slightly overestimates the soil
moisture peaks that correspond to days with high rainfall, and misses at least two soil moisture pulses, one in
the first half of 2006 and the other toward the end of the
2007 growing season.
For direct comparisons, one to one plots between modelled and observed average soil moisture are presented
in Figure 4 for simulations that use a constant WUE.
The Nash–Sutcliffe R2 values between modelled and
observed data are higher than 0Ð7 in all four simulations. In DS2 and DS3, the model has a tendency to
underpredict in the lower range of soil moisture that
is subject to evapotranspiration only (0Ð08–0Ð3) and to
overpredict in the higher soil moisture range (0Ð3–0Ð5)
that is subject to both drainage and evapotranspiration.
The model shows better performance against data, with a
higher Nash–Sutcliffe R2 , when calculated ETR is used
in daily simulations, and when ETR – Cos is used in interstorm simulations. Although a model calibration exercise
Ecohydrol. 5, 121–142 (2012)
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Figure 3. Modelled and observed mean soil moisture in the root zone (top 50 cm) for the daily (DS1, DS2, DS3) and interstorm (IS1, IS2) simulations
in the respective order from (a) to (e).

involving soil parameters could lead to further improvements in model performance, this is beyond the scope of
this paper. Ideally a general soil moisture model should
perform reasonably well based on soil texture information
alone.
The mean annual water balance of the simulated
9-year period reveals differences between model variants (Table III). Most notably, the smoothing effect of
the cosine function on ETR fluctuations reduced the coefficient of variation (CV) of ETR in both daily and interstorm (DS3 and IS2) simulations. Forcing the models by
ETR – cos resulted in a higher mean annual evapotranspiration (ETa /Pa ) and a lower mean annual drainage (Da /Pa )
ratios (Table III, compare DS2 with DS3 and IS1 with
IS2). This is reflected in the lower predicted mean soil
moisture especially in DS3 (Figure 4, Table III). In both
DS and IS simulations, ETa grew ¾3Ð6% (i.e. ¾20 mm
a1 ) of Pa when ETR – cos was used. This is compensated by the same amount of decrease in Da . While this
Copyright  2011 John Wiley & Sons, Ltd.

difference could be subtle for ETa , for Da , which only
contributes a small portion of annual water balance in
semi-arid climates (¾10% of Pa ), using ETR – cos could
lead to significantly (as high as a factor of two) lower
annual groundwater recharge.
Another notable, but rather contradictory finding is
the disparity between daily (DS) and interstorm (IS)
simulation results (Table III). In both cases the sum of
ETR applied during an interstorm period is identical.
While DS uses each day’s ETR value directly, the IS
simulations average the value between two storms. In the
IS runs, ETa is approximately 5% of Pa lower (¾26Ð5 mm
a1 ), and Da is about 5% of Pa higher than DS runs
regardless of whether ETR is obtained daily by the P–M
equation, or from the cosine function fitted to daily values
(compare DS2-IS1 and DS3-IS2 in Table III).
Daly and Porporato (2006) introduced day-to-day PET
fluctuations using multiplicative Gaussian noise into a
stationary stochastic soil moisture model, to compare
Ecohydrol. 5, 121–142 (2012)
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Figure 4. Modelled versus observed soil moisture comparisons in two daily (DS2, DS3) and two interstorm (IS1, IS2) simulations with their
corresponding Nash–Sutcliffe coefficients.

the implications of daily fluctuations of PET against
a seasonally constant PET on soil moisture dynamics.
They found that daily PET variability increases the variance of soil moisture and reduces evapotranspiration.
They attributed this reduction to the temporal correlation of natural PET fluctuations, which tend to give less
weight to evapotranspiration during higher soil moisture
levels. However, because of the relatively little influence of this effect, Daly and Porporato (2006) concluded that the soil moisture probability density is not
significantly altered by the inclusion of variable PET
and the main probabilistic properties of soil moisture
can be represented by stochastic soil moisture models
that only consider rainfall variability. In our simulations,
using ETR – cos enhanced ETa while reducing CV. This
shows consistency with the findings of Daly and Porporato (2006) as the cosine function smooths and averages the daily fluctuations. However, the DS simulations
with variable ETR between storms reveal higher ETa , a
result that contradicts the findings of Daly and Porporato
(2006). The rainy season in the study site corresponds
to spring and summer months during which the evaporative demand peaks. The interplay between the amount
of wetting and drying could be leading to the modelled
response given the nonlinear and threshold dependence
in soil moisture response. We revisit this effect later
in the paper within the context of long-term regional
simulations.
Copyright  2011 John Wiley & Sons, Ltd.

Biomass production
Model predictions of live and total (sum of live and
dead) aboveground biomass in an interdune valley site
in the BBR is presented in Figure 5 for all five simulations explained in Table III. Overall, the models capture the onset of the growing season, the timing of
the peak biomass and its decay reasonably well in
all runs. Although the modelled total biomass deviates
from observations especially in the first 2 years of the
observed period, the last 2 years of total biomass is
well represented with the model. The research plots
were fenced to exclude cattle prior to the 2004 growing season and were ungrazed throughout the study
period. Grazed areas generally have less than half the
aboveground dead biomass of ungrazed plots, which
may explain the low observed total biomass values in
2005 and 2006 as these plots recovered from prior
grazing.
Table III reports the modelled mean annual aboveground net primary productivity (ANPP), identified as
the peak value of aboveground biomass each year. ANPP
obtained from 4 years of field observations at the BBR
site is 269 g DM m2 . Predicted ANPP is highest when
ETR – Cos is used for model forcing (simulations DS3 and
IS2). DS1 and DS2 give the closest results (¾290 g m2 )
to the 4-year average observed ANPP. Nearly identical
model results for DS1 and DS2, with respect to both
ANPP and the time series of biomass (Figure 5) imply
Ecohydrol. 5, 121–142 (2012)
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Figure 5. Modelled and observed live and total biomass of an interdunnal valley in the NSH: (a) daily time step simulation with calculated WUE
and ETR (DS1); (b) daily time-step simulation with a constant WUE and calculated ETR (DS2); (c) inter-storm time step simulation with a constant
WUE and calculated ETR (IS1); (d) inter-storm time-step simulation with a constant WUE and ETR – cos (IS2).

that calculated daily WUE does not provide any significant improvements in the model for BBR conditions. IS1
results are very similar to those of DS1 and DS2, while
IS2 predicts approximately 5% higher mean ANPP in
9 years over the former two. The close agreement in the
time series of modelled biomass implies that the interstorm mean of daily ETR may be sufficient in capturing
the observed vegetation dynamics. Finally, DS3 and IS2
predict relatively higher live biomass especially in 2005
and 2006 than other model simulations. However, with
respect to the total biomass dynamics, IS2 captures the
observed range and the timing of growth and decay as
well as other models.
Next we used the MODIS-LAI product available
at 1 km resolution to test the consistency of all five
vegetation model simulations for the period of 9 years
in the BBR site (Figure 6). Field-derived live LAIs are
included in the plot for comparison with MODIS data.
In Figure 6, MODIS-LAI is usually consistent with the
field-derived LAI, but appears to be slightly higher in
2005 and 2007, and shows earlier onset of growth. Some
disparities between the two data are expected given
Copyright  2011 John Wiley & Sons, Ltd.

that field measurements are done at a plot-scale. BGM
variants, in general, are in good agreement with MODISLAI. Among the five model runs, the scenarios that use
ETR – cos (DS3 and IS2) better capture the LAI peaks
of the 2001, 2002, 2005, and 2007 growing seasons
(Figure 6), which may be attributed to the overprediction
pattern that DS3 and IS2 showed with respect to the BBR
biomass data (Figure 5). All model variations predict
higher LAI than observed during the 2006 growing
period. One final remark is also that the peak in the
2005 MODIS-LAI could be spurious as LAI first nearly
doubles and then decays very rapidly.

REGIONAL MODEL APPLICATION IN THE NSH
Predictability of hydrologic fluxes and vegetation dynamics at a regional scale is critical for examining the impacts
of climate and landuse change. The BBR site where the
model is calibrated is located in the eastern NSH with a
mean Pa of ¾576 mm (2000–2009 data). Mean annual
precipitation in the NSH varies ¾200 mm from east to
Ecohydrol. 5, 121–142 (2012)
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Figure 6. Modelled, MODIS-derived, and field estimated live LAI in the NSH for five different model configurations described in Table III.

west, with an overall mean of ¾530 mm. In this section
we first examine BGM in daily simulations (DS1) at 14
different COOP stations (Table II) that span the NSH precipitation range. The model is first run at each site using
the default calibration from BBR (default simulation).
Next, in an attempt to improve model predictions across
the regional precipitation gradient we calibrate ksg (decay
parameter for live biomass) at each COOP site individually. Calibration is done by comparing the time series
of MODIS-LAI and simulated live LAI, through a trialand-error procedure to minimize the root mean square
error (RMSE) of LAI. Here ksg is selected for calibration
because senescence of grass could be highly related to
climatic factors such as precipitation, net radiation, and
air temperature. In the model’s equations for biomass
production (Section Biomass Production), several parameters influence LAI. Essentially, ETa is multiplied by
WUE to get GPP. A fraction of GPP is lost as plant
respiration, resulting in NPP. NPP is partitioned to either
aboveground live or root biomass pools based on an allocation coefficient. Biomass is lost from live and root
biomass pools based on decay parameters (loss rates).
Copyright  2011 John Wiley & Sons, Ltd.

Finally aboveground live biomass is converted to LAI
based on specific leaf area (SLA). Any combination of
these parameters could have been used to calibrate the
model across the regional precipitation gradient, but a
sensitivity analysis of all parameters contributing to LAI
is beyond the scope of this paper.
Vegetation dynamics
Model results for LAI for both default and calibrated
simulations at each site along with MODIS-LAI are
reported in Figure 7. Comparisons of LAI time series
reveal some insights about the role of climate on ksg . In at
least five locations, the calibrated simulations show only
subtle differences from the default simulation (Figure 7
Ainsworth, Brewster, Chambers, Ericson, Hemingford),
and the default model predicts LAI reasonably well in
these sites. These sites correspond to the COOP stations
located in the central to eastern part of the NSH. The
soil textural class is identical (loamy sand, according to
STATSGO), and except the Brewster station (Table III,
Figure 6c), the mean Pa in all sites is close to or slightly
higher than the BBR site. The wettest site among all
Ecohydrol. 5, 121–142 (2012)
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Figure 7. Modelled LAI with default and calibrated ksg, and MODIS-derived LAI for each 14 COOP sites.

14 stations is Oakdale, NE, where the default model
underpredicts LAI during peak season in most years.
Calibrated simulation with a lower ksg for this site
captures the peak values of LAI.
In the remaining eight COOP stations, located in the
western portion of the NSH (Figure 7 Arthur, Ellsworth,
Hemingford, Hyannis, Mullen, Tryon, Valentine 1 and 2),
all with smaller mean Pa than the BBR site, the default
model predicts higher LAI. Calibration of the model in
these sites lowers the predicted LAI by increasing the
value of ksg , leading to a much better representation of
local LAI dynamics (Figure 7).
The results presented here reveal a climatic control
on the senescence parameter. To examine this, we plot
ksg with respect to mean Pa of the sites calculated from
2000 to 2009 (Figure 8). The plot illustrates a negative
exponential dependence of ksg on Pa . The BBR site is
indicated in the figure. The negative relationship explains
why the default model (calibrated for BBR) performed
relatively well in the wetter eastern NSH.
Implications of variable senescence decay for regional
vegetation predictions
An outcome of the regional scale model calibration
for ksg is the apparent dependence of this parameter
on precipitation (Figure 8). In this section, we explore
the implications of variable ksg in regional vegetation
predictions. For this, ksg in each year is calculated by
annual precipitation, Pa , using the equation fitted to
calibrated ksg in Figure 8:
ksg D 0Ð0661 exp0Ð0027 Ð Pa 
Copyright  2011 John Wiley & Sons, Ltd.

20

Figure 8. Senescence coefficient of live biomass, ksg, calibrated for each
COOP site based on MODIS-LAI, plotted as a function of mean annual
precipitation from 2000–2009, the period during which MODIS-LAI data
is available. The figure reveals a relationship between precipitation and
grassland senescence.

Note that, in this equation we use Pa instead of mean
Pa to capture the impact of inter-annual fluctuations
in precipitation on ksg . Thus, we assume that grass
productivity and senescence varies with growing season
precipitation from year to year (¾70% of Pa in the NSH).
This space for time substitution implies that in a dry
year, grass senescence in the wetter portion of the NSH
behaves identical to a site in the drier portion of the NSH
or vice versa. Ideally, to obtain an annual relationship
for ksg in the form of equation (20), one would need to
perform an annual calibration of the model and seek a
relation between calibrated ksg and Pa (or the growing
season precipitation). As we initially seek to identify
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Figure 9. Maximum annual LAI, LAImax (gray circles) and mean LAImax (red triangles) as a function of aridity index, ETp /Pa (left column), and annual
precipitation Pa (right column) for: (a, b) MODIS derived LAImax (MODIS LAImax ); (c, d) modelled LAImax with constant ksg ; and (e, f) modelled
LAImax using variable ksg . Lines on the left-panel plot the linear regression between MODIS-LAImax and mean Ep /Pa and those on the right-panel plot
linear regression between MODIS-LAImax and mean Pa . The regression lines have the following functions forms: LAImax D 2Ð632  0Ð442 Ð Ep /Pa ,
(R2 D 0Ð67), and LAImax D 0Ð0027 Pa  0Ð124 (R2 D 0Ð72).

whether a climate-dependent annual parameterization of
ksg offers any improvements in model predictions, we
avoid, at this stage, more complicated approaches.
The model is run for each COOP station with ksg
calculated from equation (20). The modelled response
to climatic variability across the NSH is examined by
plotting the annual and mean annual modelled and
MODIS-derived LAImax (MODIS-LAImax ) in Figure 9 as
a function of annual aridity index (Ep /Pa and annual
precipitation (Pa ) for all COOP stations combined. Lines
on the left panel indicate linear regression between
MODIS-LAImax and mean Ep /Pa and those on the right
panel indicate linear regression between MODIS-LAImax
and mean Pa (red triangles).
As one could expect, there is a relatively strong negative relationship between MODIS- LAImax and Ep /Pa
(Figure 9a), and a positive relationship between MODISLAImax and Pa (Figure 9b) in the NSH, as demonstrated by the regression lines (blue lines) fitted to
the mean annual data (red triangles) in both plots. To
Copyright  2011 John Wiley & Sons, Ltd.

facilitate comparisons between modelled and MODIS
LAImax data, we plot the linear regression equation
for MODIS-LAImax —Ep /Pa in Figure 9c,e, and the
MODIS-LAImax —Pa relation in Figure (10d,f) respectively.
In the default simulation (constant ksg ), the LAImax
data shows very weak dependence on climate, arguably
only in drier years (Figure 9c,d). Interestingly the annual
LAImax data exhibits an inflection point around Pa of
600 mm a1 , switching from a slight positive trend to a
negative one, as Pa grows larger (Figure 9c,d). However,
using variable ksg as a function of Pa improved the
model sensitivity to climate significantly. Compared to
the default simulation (Figure 9c,d), a lower ksg in a
wetter year slows the rate of senescence leading to a
higher LAImax , while a higher ksg in a drier year speeds
up the senescence processes leading to a lower LAImax
(Figure 9e,f). This climatic influence on plant phenology
leads to the modelled data that tightly collapse on the
observed linear relationship between MODIS-LAImax and
Ecohydrol. 5, 121–142 (2012)
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Figure 10. (a) Time series of Pa ; and modelled ANPP for three selected sites in NSH: (b) Oakdale, NE (Pa D 633 mm); (b) Brewster NE
(Pa D 547 mm); and (c) Tryon, NE (Pa D 475 mm).

the climate variables represented by the plotted linear
equations (Figure 9e,f). Admittedly, the scatter in the
MODIS data trends in Figure (9a,b) are not reproduced
by the model. Year 2008 was the driest year of the
period examined, during which two COOP stations,
Brewster and Tryon recorded less than 100 mm rain
(93Ð7 mm and 68Ð6 mm respectively). These appear in
the plots representing the extreme dry conditions the NSH
could experience due to high inter-annual precipitation
variability.

EMPIRICAL MODEL
The regional simulations underscored the importance of
relating precipitation to productivity. In this section we
test predicted ANPP by our model against other empirical
equations that relate ANPP to climate.
Empirical models for ANPP
Analyses of ANPP in many water-limited ecosystems
globally reveal a strong annual precipitation, Pa control
especially in water-limited ecosystems (Lauenroth, 1979;
Copyright  2011 John Wiley & Sons, Ltd.

Sala et al., 1988). Regression models proposed to relate
ANPP to Pa usually adopt the form described by NoyMeir (1973) as:
ANPP D PUE Ð Pa  Pl ,

ANPP D 0, Pl ½ Pa
21
where ANPP is annual net above-ground primary productivity (g DM m2 a1 ); PUE is precipitation use
efficiency at the community level (g m2 mm1 ); Pa
is annual precipitation (mm a1 ); Pl is ineffective precipitation (mm a1 ) or zero-yield intercept. Noy-Meir
(1973) proposed the ranges for Pl (25–75 mm) and PUE
(0Ð5–2 g m2 mm1 ) based on data from water-limited
ecosystems. Using extensive data in the central grassland
region of the United States for 100 major land resource
areas defined by the US Soil Conservation Service, Sala
et al. (1988) found PUE D 0Ð6 g m2 mm1 and Pl D
56 mm. In a more recent paper, for the same area, the linear equation reported by Paruelo et al. (1999) using only
mean annual precipitation can be written in the form of
Equation (21) that gives, PUE D 0Ð64 g m2 mm1 and
Pl D 77Ð2 mm.
Other empirical relationships between ANPP and Pa
have been proposed covering a range of ecosystems
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from deserts to forests in different forms. For example
Knapp and Smith (2001) used a linear form with a positive intercept, ANPP D 75Ð34 C 0Ð37ÐPa , and Huxman
et al. (2004) proposed an exponential form: ANPP D
1011Ð7[1  exp0Ð0006Pa ]. Such empirical relations
that solely rely on Pa become less predictive in higher
precipitation regions (>1500 mm) where water is abundant, but nutrients and light could be limited (Sala et al.,
1988; Lauenroth, 1979). Other climatic variables empirically examined in the literature included growing season
precipitation, precipitation from multiple years, timing of
precipitation events, length of dry periods and evapotranspiration (Webb et al., 1978; Nippert et al., 2006; Knapp
et al., 2002; Fay et al., 2003). Using data from several
US grassland sites Webb et al., (1978) proposed the following model that uses annual actual evapotranspiration
ETa (mm a1 ) to predict ANPP:
ANPP D 496  666 exp0Ð0025ETa 

22

These empirical models show a measure of centraltendency-dependence to water availability with typical
R2 values in the 0Ð5–0Ð7 range, and rarely as high as 0Ð9
(Webb et al., 1978). We used various empirical equations
for confirming the results of BGM across the NSH.
Comparison of BGM with empirical equations
To compare annual and mean annual BGM predictions
with empirical models we selected three COOP stations
that represent the observed precipitation range in the
NSH. These include Oakdale, NE (Pa D 632Ð7 mm),
Tryon, NE (Pa D 475 mm), and Brewster, NE (Pa D
547Ð5 mm), illustrating the drier, average, and wetter
conditions respectively in the NSH. These stations have
long-term climate data, with the shortest length for Tryon
(1948–2009).
Time series of historical Pa and modelled ANPP (with
variable ksg ) are illustrated in Figure 10 in all three sites.
In the plots we intentionally used only two BGM variants,
which are of the two end-member model complexity: a
daily time-step simulation with daily varying ETR (DS2),
and an interstorm simulation using ETR – Cos (IS2). Other
two simulations (DS3 and IS1) that plot between the two
ANPP time series are excluded for easier interpretation
of the figures. The period between 1900 and until the
end of 1930 was relatively wetter but highly variable,
followed by a drought period between 1930 and 1940.
Consistently, the model predicts higher ANPP for the
wetter periods and lower ANPP for the drier periods,
both in Oakdale and Brewster stations. Other drier
periods during 1950s, 1980s, 1990s, and years 2001 and
2008 (except Oakdale) register lower ANPPs. Tryon and
Brewster stations experienced their lowest ANPPs in
2008. In all three sites the two simulations closely follow
each other, albeit the IS2 formulation predicts slightly
higher ANPP than DS2. Combining the modelled ANPP
data from all sites and regressing DS2 with IS2 gives,
DS2 D 0Ð931 ð IS2, with R2 D 0Ð86. Despite the high R2 ,
0Ð93 for regression slope suggests slight overprediction of
Copyright  2011 John Wiley & Sons, Ltd.

the IS2 simulation. Considering the level of simplification
used in IS2 compared to DS2, this subtle disagreement
between the two models may be acceptable, and could
further be improved through model calibration.
Similar to Table III that summarized results for only
9 years of model run, predicted mean annual water fluxes
normalized to mean Pa , and mean ANPP and its standard deviation are reported in Table IV for all five BGM
variants for the long-term simulations. Some notable
changes in the modelled results from 9-year to longerterm simulations are as follows. First, the disagreement
in the mean annual water flux ratios becomes negligible
between DS2 and DS3, while up to a 5% higher mean
ANPP is predicted for DS3, which is lower than that
reported in Table III. Similar results can be observed in
the IS simulations (compare IS1 and IS2), however with
a much smaller difference in mean ANPP. Differences
in the water flux ratios and ANPPs remain to be more
pronounced when DS and IS simulations are compared
(Table IV). Most notably, up to a twofold difference
is predicted in the drainage ratio in all stations, while
the absolute magnitudes of these fluxes are relatively
small compared to evapotranspiration. The narrowing difference in the predicted drainage ratios between DS2
(IS1) and DS3 (IS2) in the long-term simulations can be
attributed to the highly variable nature of the modelled
annual drainage fluxes. As a result, mean annual fluxes
can be more accurately represented with long-term simulations. Lastly, any actual evapotranspiration or recharge
observation in these sites was not available. However,
ETa /Pa ratios of basins with soils finer than sand are
often higher than 0Ð95, while basins underlain by sand
show lower values (Wang et al., 2009a).
Table IV. Results of four model variants for selected three COOP
stations representing the climate range in the NSH.
Oakdale (1893–2009)
Simulation

Da /Pa

Ia /Pa

ETa /Pa

DS2
DS3
IS1
IS2

0Ð037
0Ð036
0Ð078
0Ð072

0Ð098
0Ð099
0Ð097
0Ð098

0Ð963
0Ð964
0Ð921
0Ð928

ANPP (g DM m2 )
340
354
366
366

(66Ð3)
(72Ð6)
(67Ð1)
(71Ð4)

Brewster (1912–2009)
Simulation

Da /Pa

Ia /Pa

ETa /Pa

DS2
DS3
IS1
IS2

0Ð026
0Ð021
0Ð047
0Ð042

0Ð099
0Ð099
0Ð098
0Ð099

0Ð975
0Ð980
0Ð954
0Ð959

ANPP (g DM m2 )
328
336
346
349

(70Ð5)
(74Ð8)
(75Ð4)
(78Ð1)

Tryon (1948–2009)
Simulation

Da /Pa

Ia /Pa

ETa /Pa

DS2
DS3
IS1
IS2

0Ð027
0Ð019
0Ð040
0Ð035

0Ð113
0Ð114
0Ð112
0Ð113

0Ð974
0Ð980
0Ð960
0Ð966

ANPP (g DM m2 )
297
309
313
317

(68Ð9)
(64Ð1)
(69Ð7)
(70Ð9)
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Figure 11. Predicted ANPP by the DS2 simulation for Oakdale, Brewster, and Tryon as a function of annual precipitation (a) and annual actual
evapotranspiration (b). In both plots, orange circles represent the modelled mean annual ANPP and ETa for each COOP station.

For a confirmation of model results with respect to
the empirical equations described earlier, we plotted the
ANPP predicted by the DS2 simulation for Oakdale,
Brewster, and Tryson as a function of observed annual
precipitation (Figure 11a) and modelled annual actual
evapotranspiration (Figure 11b). Because all the model
variants are in good agreement with each other with
respect to ANPP, we used DS2 for illustration purposes
of the model behaviour. Except some of the drier years
in the Brewster and Tryon sites, most of the modelled
ANPP including mean ANPP are enveloped by the Sala
et al., (1988) and Knapp and Smith (2001) equations,
while the general form of the data follows the Huxman
et al. (2004) relation.
Model results agree well with the empirical equation of
Webb et al. (1978) that relates ANPP to ETa . Annual data
falls around the empirical function of Webb et al. (1978),
closely following the shape of the curve. The mean ANPP
of all stations plot directly on the Webb et al. (1978)
curve. No specific model calibration has been considered
to provide the observed agreement between the numerical
model results and the empirical function. Albeit, the
Copyright  2011 John Wiley & Sons, Ltd.

model offers a powerful tool to examine hydrologic and
ecological constraints on grassland dynamics.

DISCUSSION AND CONCLUSIONS
Ecohydrology of water-limited ecosystems is typically
concerned with the organization of vegetation biomass
and functional types with available water and energy
resources. While some models are constructed with
underlying hypotheses/assumptions of optimality (Eagleson and Segerra, 1985), others use a bottom-up approach
and develop more complex transient models and investigate whether vegetation organizes to an optimal state
in the absence of any imposed optimality principle
(Ivanov et al., 2008a,b; Hwang et al., 2009). Regardless of their purpose, models for water-limited regions
aim to represent the pulse-decay and/or pulse-reservedecay phenomenon observed in soil moisture and vegetation biomass (Noy-Meir, 1973). Thus, understanding
how model assumptions, solution time scales, and parameter representations affect model predictions over temporal and spatial scales becomes crucial. In this paper
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we combined several widely used models of intermediate
complexity for soil moisture and vegetation growth, and
examined how the resulting model (BGM) behaved given
certain, commonly used assumptions represented by five
model variants. Some of the critical findings of the model
experiments are discussed below.
During the comparison period of 9 years, model variants DS1, DS2 and IS1 yield very similar biomass
dynamics. Both DS3 and IS2, which use a cosine function
with an annual cycle to represent the seasonal variation
of ETR , predict relatively higher live biomass in some
years. However, with respect to the dynamics of total
aboveground biomass, the simplest model variant, IS2,
represents the observed range and the timing of growth
and decay comparable to other models.
The model results also indicate that calculated daily
WUE did not provide a significant improvement. The
constant WUE value we used (WUEc D 0Ð01) is nearly
the average of the daily calculated WUEd from Equation
(13), when spuriously high values are excluded from the
modelled data. WUE is often defined in two ways. From
an agricultural perspective, WUE is the ratio between
biomass produced by a plant or field plot and the total
amount of water evapotranspired. From a biological perspective, WUE can be obtained from instantaneous measurements of net ecosystem exchange and transpiration
at the leaf, plant or ecosystem level. A constant WUE
has provided a relatively good approximation of grasslands dynamics in other models (Williams and Albertson,
2004; Caylor et al., 2009). However, the sensitivity of
ecohydrology models to WUE should be evaluated in
concert with other coefficients, including biomass loss
or decay coefficients (Montaldo et al., 2005). Because a
high WUE value in a model can be compensated for by
selecting larger values for biomass decay coefficients, a
model could represent the observed dynamics of biomass
or LAI, while giving an unrealistic representation of CO2
exchange.
In terms of water balance, using a cosine function
for potential evapotranspiration increased ETa /Pa and
decreased Da /Pa in both daily and inter-storm time scales
over the short-term simulation (compare DS2–DS3 and
IS1–IS2 in Table III). This impact however was dependent on model simulation period, and was reduced
in long-term simulations (Table IV). Representing PET
forcing with a cosine function over the long-term gave
nearly identical mean annual water fluxes from the rootzone compared to using calculated daily or inter-storm
averaged daily PET values. The comparisons between DS
and IS simulations also yield some differences in ETa /Pa .
Over the 9-year period simulated for model calibrations,
ETa for DS simulations was as much as 5% higher (as a
proportion of Pa ) than IS simulations. This discrepancy
between DS and IS simulations was reduced in long-term
simulations.
Using the senescence coefficient ksg as a calibration
parameter in each COOP site across the NSH revealed a
negative exponential relation between ksg and annual precipitation. When this empirical relationship is included
Copyright  2011 John Wiley & Sons, Ltd.

in the model, it significantly improved LAI predictions
across the NSH. This analysis illustrated the necessity of
adding an additional parameter to the model to improve
predictions across a climate gradient. However, the relationship found here may not be transferable to other
models and systems. Alternatively, a more universal
parameterization can be adapted through the use of a
water stress factor, a nonlinear function of soil moisture,
either directly as a multiplier to the senescence coefficient
(Scanlon et al., 2005; Istanbulluoglu and Bras, 2006;
Caylor et al., 2009) or as a separate water stress-induced
foliage loss term (Arora and Boer, 2005; Ivanov et al.,
2008). The various hypothesized and nonlinear mathematical forms used to represent stress-related senescence
in models are not well evaluated against observed vegetation data. We suggest that this could realistically be
done through a sensitivity analysis in isolation from other
model parameters to illustrate the direct role of water
stress on modelled vegetation dynamics.
Finally, comparing ANPP for the two end member
simulations (DS2 and IS2) gave a high R2 , even though
IS2 predicted ¾%7 higher ANPP. These results indicate
the suitability of the IS2 model configuration, perhaps
with calibration, for modelling applications that require
long-term simulations such as searching for spatial organizations in vegetation and landscape evolution under
uncertain climate. The IS2 model variant suggests that
vegetation dynamics can be modelled reasonably well
by characterizing the stochastic nature of storms and the
mean annual potential evapotranspiration of a semiarid
region as two model forcings. Considering that differences among model variants in estimated water balance
components decreased with longer simulations, the parsimony represented by IS2 shows promise for capturing the
dynamics of both vegetation and long-term water balance.
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