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Abstract Croplands are important in land-atmosphere interactions and in the modification of local and
regional weather and climate; however, they are poorly represented in the current version of the coupled
Weather Research and Forecasting/Noah with multiparameterization (Noah-MP) land surface modeling
system. This study introduced dynamic corn (Zea mays) and soybean (Glycine max) growth simulations and
field management (e.g., planting date) into Noah-MP and evaluated the enhanced model (Noah-MP-Crop) at
field scales using crop biomass data sets, surface heat fluxes, and soil moisture observations. Compared to the
generic dynamic vegetation and prescribed-leaf area index (LAI)-driven methods in Noah-MP, the
Noah-MP-Crop showed improved performance in simulating leaf area index (LAI) and crop biomass. This
model is able to capture the seasonal and annual variability of LAI and to differentiate corn and soybean in
peak values of LAI as well as the length of growing seasons. Improved simulations of crop phenology in
Noah-MP-Crop led to better surface heat flux simulations, especially in the early period of growing season
where current Noah-MP significantly overestimated LAI. The addition of crop yields as model outputs expand
the application of Noah-MP-Crop to regional agriculture studies. There are limitations in the use of current
growing degree days (GDD) criteria to predict growth stages, and it is necessary to develop a new method
that combines GDD with other environmental factors, to more accurately define crop growth stages. The
capability introduced in Noah-MP allows further crop-related studies and development.

1. Introduction

This study aims to improve the representation of cropland-atmosphere interactions in the Noah with multi-
parameterization (Noah-MP) [Niu et al., 2011] land surface model with the ultimate goal of coupling it with
the mesoscale Weather Research and Forecasting (WRF) numerical weather prediction and regional climate
model. Croplands cover 12.6% of the global land and 19.5% of the continental United States. The efficiency
with which crops transfer water vapor from the crop root zones to the atmosphere heavily depends on sea-
sonal variations of crop phenology. Crops have a detectable influence on regional distributions of atmo-
spheric water vapor and temperature and can affect convective triggering by modifying mesoscale
boundaries [Raddatz, 1998; Changnon et al., 2003; Levis et al., 2012]. Therefore, croplands can significantly
influence land-atmosphere coupling, surface exchanges of heat, water vapor, and momentum, which in turn
can impact boundary layer growth and mesoscale convergence/convection [Freedman et al., 2001;
McPherson et al., 2004].

Despite considerable improvements in land surface models (LSM) [e.g., Niyogi et al., 2009; Niu et al., 2011;
Barlage et al., 2015], the representation of dynamic cropland processes within the operational WRF model
has been absent. Global climate models (GCMs), on the other hand, have attempted to include two-way
crop-atmosphere interactions, which improved model performance [Tsvetsinskaya et al., 2001; Osborne
et al., 2009; Levis et al., 2012]. Recently, Lu et al. [2015] and Harding et al. [2015] used coupled
WRF/Community Land Model (CLM)-Crop to study the impacts of dynamic crop growth on surface fluxes
and irrigation; they concluded that dynamic crop growth should be included in coupled land surface-
atmospheric models. Xu and Hoffman, [2015] evaluated the Couple Model Intercomparison Project Phase 5
simulations over cropland flux sites; they also suggested incorporating process-based crop models in
coupled land surface-atmospheric models.

The Noah with multiparameterization options (Noah-MP) LSM is a new-generation community land model,
using multiple options for key land-atmosphere interaction processes to represent seasonal and annual
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cycles of snow, hydrology, and vegetation [Niu et al., 2011; Yang et al., 2011]. It has been implemented in the
WRFmodel [Barlage et al., 2015] for real-time operations. The Noah-MPmodel was evaluated using in situ and
satellite data [Niu et al., 2011; Yang et al., 2011; Cai et al., 2014; Chen et al., 2014] and compared to the legacy
Noah LSM [Chen et al., 1996; Chen and Dudhia, 2001; Ek et al., 2003]; significant improvements in the model-
ing of runoff, snow, surface heat fluxes, soil moisture, and land skin temperature were noted. Although the
WRF/Noah-MPmodeling system includes a Ball-Berry stomatal resistance-based [Ball et al., 1987] photosynth-
esis scheme with a dynamic vegetation model [Dickinson et al., 1998], it only represents a generic type of
crop. However, such a generic type of crop growth does not discern growth characteristics (planting dates,
growing season, partition of dry matters, etc.) among difference crop species such as winter wheat
(Triticum aestivum), corn (Zea mays), and soybean (Glycine max) and therefore produces large errors in seaso-
nal evolution of crop phenology (i.e., leaf area index).

Previous studies [Levis et al., 2012; Lu et al., 2015; Harding et al., 2015] have explored the impact of modeling
crop growth in CLM on GCM and WRF simulations. However, Noah and Noah-MP are two of the most com-
monly used land models in the community WRF modeling system, as well as in a suite of operational models
at National Centers for Environmental Prediction (NCEP). Adding the crop growth modeling capability is cri-
tical not only for the widely used WRF/Noah-MP coupled system but also to transitioning this enhanced
Noah-MP into NCEP operational models to for seasonal prediction. Moreover, Noah-MP and CLM are concep-
tually different land models. In CLM, each subprocess is treated in a deterministic way, while Noah-MP has
multiple options (i.e., parameterization schemes) for key physical processes such as hydrology, snow, and
vegetation-related processes. Even though the development of Noah-MP-corn and Noah-MP-soybean
described in this study is largely similar to those done within CLM or such global community models, we con-
sider this effort in as a first step to build a crop-ensemble modeling framework for mesoscale weather and
regional hydroclimate perspective. Modeling crop growth is a complex task, because it depends on crop gen-
otypes and regions of planting. We anticipate using this framework to accommodate, for instance, other corn
species such as Chinese spring corn, Indian, and European maize, which would not be possible without the
multiparameterization framework such as in Noah-MP.

In addition, agriculture is highly influenced by weather and climate. Studies of food security under a changing
climate highlight an increasing demand for large-scale crop growth simulations [Hansen and Jones, 2000;
Niyogi and Andresen, 2011; Rosenzweig et al., 2013; Takle et al., 2014; McDermid et al., 2015; Deryng et al.,
2016]. Several studies have been conducted on large-scale crop simulations using traditional crop models
[e.g., Rosenzweig et al., 2014; Elliott et al., 2015; Liu et al., 2015]. However, traditional crop models are not able
to fill the increasing demand for high spatiotemporal resolution regional agroclimatic related products. This is
because (i) traditional cropmodels (e.g., DSSAT (Decision Support System for Agrotechnology Transfer) [Jones
et al., 2003] and Hybrid-Maize [Yang et al., 2004]) were developed to simulate crop growth at the field scale,
and limitations exist in conducting simulations at regional scales; (ii) lack of information on whether these
models can represent the impact of spatial heterogeneity of climate variability on yield [Doering et al.,
2002; Niyogi et al., 2015]; and (iii) while conducting simulations at a larger spatial scale, there are significant
computational challenges, which are usually time consuming and need third-party software to drive the crop
models in a coupled automated format.

More importantly, previous large-scale crop yield simulations using traditional crop models only reflected
impacts of climate on yield, and neglected effects of crops on land-atmospheric interactions, which in turn,
can potentially impact crop growth development [Ramankutty et al., 2006; Pielke et al., 2007]. Therefore,
developing a computationally efficient and flexible spatiotemporal resolution regional crop growth model-
ing capability in WRF is necessary. Enhanced regional simulations of crop-atmospheric interactions are not
only crucial to improving WRF model performance and the assessment of weather and climatic variability
impacts on crop yields but can also help explain the two-way interactions between weather and crops.

The first critical step in the development of a coupled WRF-Crop modeling system is to build the Noah-MP-
Crop model, based on the framework of Noah-MP, and evaluate it with field data. This paper describes the
development of the dynamic crop growth model in Noah-MP, discusses a new lookup table with parameters
required to execute the Noah-MP-Crop model, and the evaluation of Noah-MP-Crop against long-term field
data sets, including leaf area index (LAI), surface fluxes, and biomass. Results summarized in this paper focus
on the development of corn and soybean (two major crop types in the U.S. Midwest) crop models as the first
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step in establishing a general crop-modeling framework in WRF/Noah-MP-Crop. This study is necessary for
future modeling studies with WRF to assess how croplands influence the atmosphere, to explore the possi-
bilities of improving weather forecasting via enhanced cropland representation, and to provide in-season
regional crop yield simulation products.

2. Description of the Noah-MP-Crop Model

The new Noah-MP-Crop model is based on the Noah-MP model by including dynamic crop-specific growth
processes to allocate the carbohydrate product from photosynthesis into different parts of a crop during the
growing season. The dynamic crop growth model also calculates time-varying leaf area index (LAI), which in
turn directly impacts the surface radiation, photosynthesis process, soil moisture, and surface energy fluxes.
The changes in the partition of sensible heat flux and latent heat flux will affect weather/climate predictability
when coupled with atmospheric models [Jiang et al., 2009; MacKellar et al., 2009]. Figure 1 shows the flow-
chart of model building blocks, while the major equations appear in Appendix A.

Noah-MP contains a separate vegetation canopy defined by a canopy top and bottom, crown radius, and
leaves with prescribed dimensions, orientation, density, and radiometric properties. The canopy employs a
two-stream radiation transfer approach along with shading effects necessary to achieve proper surface
energy and water transfer processes including undercanopy snow processes [Dickinson, 1983; Niu and
Yang, 2004]. Noah-MP contains a multilayer snowpack with liquid water storage and melt/refreeze capability
and a snow-interception model describing loading/unloading, melt/refreeze capability, and sublimation of
canopy-intercepted snow [Yang and Niu, 2003; Niu and Yang, 2004]. Multiple options are available for surface
water infiltration and runoff and groundwater transfer and storage including water table depth to an uncon-
fined aquifer [Niu et al., 2007; Barlage et al., 2015].

Noah-MP is able to predict vegetation growth by combining a Ball-Berry stomatal resistance [Ball et al., 1987;
Niyogi et al., 2009], a photosynthesis scheme [Collatz et al., 1991; Bonan, 1996], and a dynamic vegetation
model [Dickinson et al., 1998] that allocates carbon to various parts of vegetation (leaf, stem, wood, and root)
and soil carbon pools (fast and slow). Photosynthesis is calculated separately for sunlit and shaded leaves and
controlled by three rate-limited processes: light-limited, carboxylase-limited (Rubisco-limited), and export
limited (for C3 plants). The model is capable of distinguishing between C3 and C4 photosynthesis pathways
and defines vegetation-specific parameters for plant photosynthesis and respiration [Collatz et al., 1991;
Oleson et al., 2008; Niu et al., 2011]. Within Noah-MP, these processes are controlled by vegetation-type spe-
cific parameters that are read into the model through a lookup parameters table. To represent seasonal vege-
tation evolution, the current Noah-MP users can either use the prescribed LAI or rely on the generic dynamic

Figure 1. Flowchart of the Noah-MP-Cropmodel. (“LAI” and “leaf mass”marked as red color for emphasizing the calculation
process and the role of LAI in the model simulations).
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vegetation module, which does not
differentiate the phenology of speci-
fic crop growth such as corn
and soybean.

The Noah-MP-Crop model uses the
Noah-MP photosynthesis model. To
simulate the biomass of grain/yield
(an important variable for the agri-
cultural community) and be consis-
tent with empirical crop models
(e.g., Hybrid-Maize model) [Yang
et al., 2004], Noah-MP-Crop uses car-
bohydrate flux instead of carbon flux

in Noah-MP. Crop-growth models are implemented in Noah-MP-Crop to simulate the seasonal evolution of
various biomasses (e.g., root mass, leaf mass, and grain mass) of different crop types. In this paper, a generic
framework was developed and tested with a focus on the simulation of two major crop types in the U.S.: corn
and soybean. This choice is motivated by the preponderance of the two crops over the central U.S. and
because of the availability of observed data for model development and validations.

Agronomically, corn and soybean are usually characterized with two major development stages: vegetative
(V) stages and reproductive (R) stages. For example, during corn vegetative stages, the crop focuses on the
growth of leaf and stalk, and during reproductive stages, the crop focuses on the development of tassel
and ears [Abendroth et al., 2011]. The key growth stages of corn include Emergence (VE), 6 collars (V6), 15 col-
lars (V15), tassel (VT), silking (R1), blister (R2), and physiological maturity (R6) [Ritchie et al., 1997]. The key
growth stages of soybean are as follows: emergence (VE), cotyledon (VC), first trifoliate (V1), nth trifoliate
(Vn), beginning bloom (R1), full pod (R4), full seed (R6), and full maturity (R8) [Pedersen, 2004]. In Noah-MP-
Crop these agronomic crop growth stages were represented by five plant growth stages (PGS): (1) from plant-
ing to emergence (PGS2), (2) initial vegetative (PGS3), (3) normal vegetative (PGS4), (4) initial reproductive
(PGS5), and (5) to physiological maturity (PGS6). The relationship between the modeling stages and agrono-
mical growth stages is listed in Table 1. Considering field management, there are three additional stages
beyond the growing season: before planting (PGS1), frommaturity to harvesting (PGS7), and after harvesting
(PGS8). Management factors were incorporated into crop PGS because it is anticipated that they (e.g., har-
vesting) can change the ground vegetation cover. The above eight crop stages allow modeling of the entire
crop growth cycle (see Figure 1).

Since thephenologydevelopmentof cropsdependson temperature, cropmodelers normally use theaccumu-
latedgrowing degree days (GDD) as a heat unit to indicate crop growth stages. Following the approachused in
classical crop models (DSSAT and Hybrid-Maize), accumulated GDD was also used to determine crop growth
stages (equationsA1, A2, A3).Different crop types andhybrid cultivars require different accumulatedGDD from
planting to physiological maturity [Niyogi et al., 2015]. In Noah-MP-Crop, users can easily customize the accu-
mulated GDD requirements for different growth stages in the lookup table (Table 2). Field management prac-
tices (e.g., planting and harvesting dates) are prescribed in Noah-MP-Crop lookup table (Table 2) based on site
observations. It is assumed that after harvesting, there is no aboveground biomass left in the field.

Through the photosynthesis process, photosynthetically active radiation is used to convert atmospheric carbon
dioxide into carbohydrate in leaves (equation (A4)). The total assimilated carbon then is allocated to different
carbon pools (leaf, stem, root, grain, and soil). Maintenance respiration and growth respiration are inevitable
costs of photosynthesis process [Cowan and Givnish, 1986], and turnover and senescence additionally cause
the loss of carbohydrate in the crops. In different crop growth stages, the allocation of carbohydrate fluxes
and respiration rates varies, as does the turnover and senescence rate (equations A5, A6, A7, A8). The different
parametric coefficients are described in the crop-specific parameters lookup table (Table 2). During vegetative
periods, the carbohydrate fluxes for corn, for example, are mainly allocated to leaf, stem, and root, and during
the reproductive period, the carbohydrate fluxes are mainly allocated to grain. At the mature reproduction
stage, carbohydrate fluxes are only allocated to grain and root, and leaves are continually senescent, and the
carbohydrate in stems and roots will be partially translocated to grain [Yang et al., 2004].

Table 1. The Growth Stages of Corn and Soybean in the Noah-MP-
Crop Modela

Agronomic Stages of Corn
(Soybean) MP-Crop Stages

GDD Used in This
Study

~VE (VE) From planting to
emergence

50 (60)

~V15 (V12) Initial vegetative 625 (675)
~VT (R1) Normal vegetative 933 (1183)
~R2 (R3) Initial reproductive 1103 (1253)
~R6 (R8) Physiological

maturity
1555 (1605)

aGDD is 10C based. Iowa State University methods were used as refer-
ences for corn and soybean agronomic growth stages [Ritchie et al.,
1997; Pedersen, 2004].
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Within the Noah-MP framework, leaf density is a primary link to atmosphere/cropland interactions, and an
accurate estimation of LAI is critical to calculating surface latent heat fluxes through crop transpiration and
hence for correctly partitioning incoming energy into surface sensible heat flux and latent heat flux. LAI influ-
ences photosynthesis, albedo, sensible heat flux, latent heat flux, net radiation soil heat flux/surface energy
storage, and also the green leaf biomass in the prognostic solutions. The LAI in Noah-MP-Crop is calculated
by multiplying green leaf biomass with specific leaf area (SLA, leaf area per living leaf biomass m2 g�1). In rea-
lity SLA varies with crop and cultivar types (equation (A9)) and can also vary temporarily during the growing
season. In Noah-MP-Crop, due to the lack of observations and simple mathematical relation, we assume the
SLA to be constant throughout the growing season. This assumption is used in many modeling studies, and
the value can be recalculated in the future if detailed spatiotemporal leaf mass and LAI data are available to
develop a functional relation.

Compared to the original dynamic vegetation module and prescribed LAI methods in Noah-MP, one high-
light of Noah-MP-Crop is the ability to simulate grain biomass, which is the “yield” of crops when they reach
physiological maturity. The yield simulations can be potentially used in agroclimatic assessments as well as
future yield predictions.

As will be discussed below, this initial version of Noah-MP-Crop was developed and calibrated based on
observations in the U.S. Corn Belt. Model calibrations may be necessary when users apply it to different

Table 2. Parameters in New User Customized Table in the Noah-MP-Crop Modela

Parameters Description Values for Corn (Soybean) Equations

PLTDAY Planting day (in Julian day format) 111 (131) (A3)
HSDAY Harvesting day (in Julian day format) 300 (280) (A3)
GDDTBASE Base temperature for GDD accumulation (c) 10 (10) (A1)
GDDTCUT Upper temperature for GDD accumulation (c) 30 (30) (A1)
GDDS1 GDD from seeding to emergence 50 (60) (A3)
GDDS2 GDD from seeding to initial vegetative 625 (675) (A3)
GDDS3 GDD from seeding to normal vegetative 933 (1183) (A3)
GDDS4 GDD from seeding to initial reproductive 1103 (1253) (A3)
GDDS5 GDD from seeding to physical maturity 1555 (1605) (A3)
Q10MR Q10 for maintenance respiration 2.0 (2.0) (A5)
FOLN_MX Foliage nitrogen concentration (%) 1.5 (1.5) (A5)
LEFREEZ Characteristic T for leaf freezing (K) 268 (268) (A7)
BIO2LAI Leaf area per living leaf biomass (SLA) 0.015 (0.030) (A9)
LFMR25 Leaf maintenance respiration at 25c (μmol co2/m**2/s) 1.0 (1.0) (A5)
STMR25 Stem maintenance respiration at 25c (μmol co2/kg bio/s) 0.05 (0.05) (A5)
RTMR25 Root maintenance respiration at 25c (μmol co2/kg bio/s) 0.05 (0.05) (A5)
GRAINMR25 Grain maintenance respiration at 25c (μmol co2/kg bio/s) 0 (0) (A5)
FRA_GR Fraction of growth respiration 0.2 (0.2) (A6)
DILE_FC(PGS) Coefficient for leaf temperature stress death (1/s) PGS = 5: 0.5 (0.5) (A7)

PGS = 6: 0.5 (0.5)
DILE_FW(PGS) Coefficient for leaf water stress death (1/s) PGS = 5: 0.2 (0.2) (A7)

PGS = 6: 0.2 (0.2)
LF_OVRC(PGS) Leaf turnover coefficient (1/s) PGS = 5: 0.2 (0.2) (A7)

PGS = 6: 0.3 (0.3)
ST_OVRC(PGS) Stem turnover coefficient (1/s) PGS = 5: 0.2 (0.12) (A7)

PGS = 6: 0.3 (0.06)
RT_OVRC(PGS) Root turnover coefficient (1/s) PGS = 5: 0.12 (0.12) (A7)

PGS = 6: 0.06 (0.06)
LFPT(PGS) Fraction of carbohydrate flux to leaf PGS = 3: 0.36 (0.4) (A6) and (A8)

PGS = 4: 0.1 (0.2)
STPT(PGS) Fraction of carbohydrate flux to stem PGS = 3: 0.24 (0.2) (A6) and (A8)

PGS = 4: 0.6 (0.5)
RTPT(PGS) Fraction of carbohydrate flux to root PGS = 3: 0.4 (0.4) (A6) and (A8)

PGS = 4: 0.3 (0.3)
PGS = 5: 0.05 (0.05)

GRAINPT(PGS) Fraction of carbohydrate flux to grain PGS = 5: 0.95 (0.95) (A6) and (A8)
PGS = 6: 1 (1)

aPGS means plant growth stage; some parameters have different values for each growth stages.
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regions. Also, different regions have different management strategies (e.g., planting date and harvest date).
Therefore, the new crop-specific parameters lookup table (Table 2) needs to be modified to accommodate
those differences.

3. Observation Site Description and Model Experiments

The Noah-MP-Crop model for simulating corn and soybean growth was evaluated against field observations.
Data were obtained from two long-term Ameriflux sites [http://ameriflux.ornl.gov/]: Bondville, IL (US-Bo1,
40.00°N, 88.29°W), and Mead, NE (US-Ne3, 41.18°N, 96.44°W). These two sites are typically used to test crop
models. Data from the Bondville site were used for evaluating corn simulations, and data from the Mead site
were used for evaluating soybean simulations. Half hourly and hourly in situ meteorological forcing data were
used to drive the off-line Noah-MP-Crop model.

The Bondville (US-Bo1, Figure 2) and Mead sites (US-Ne3, Figure 2) are characterized by rainfed no-till man-
agement with annual rotation between corn and soybean. The fields are predominately characterized as silt
loam over Bondville and clay loam over Mead. For both sites, observed hourly sensible heat flux (H), latent
heat flux (LE), top layer (0.1m), and second layer (0.1–0.4m) soil moisture were used to evaluate the model.
Moreover, observed biomass data at the Bondville site (e.g., LAI, green leaf mass, stem mass, and grain mass)
were used to assess simulated crop growth characteristics of Noah-MP-Crop simulations for 2001, 2003, and
2005 when corn was planted. Similarly, available biomass observations at the Mead site (e.g., LAI and total
aboveground biomass) were used to compare against Noah-MP-Crop simulations for 2002, 2004, and 2006
when the field grew soybeans. Planting and harvest dates at these two sites varied in different years based
on the observations listed in Table 3, and the users will need to modify them for different regions.

Noah-MP-Crop-based corn simulations were conducted for the Bondville site for 2001 to calibrate crop
growth model parameters. Using these 2001 default values, simulations were then performed for 2003 and
2005 by only changing the planting dates and SLA calculated from the observed data. Simulations conducted
with the Noah-MP-Crop model were named “MP-CROP.” For comparison, Noah-MP default simulations were
also conducted for the same periods using monthly prescribed LAI (referred to as MP-TBLAI) and using the
current Noah-MP dynamic vegetation option (referred to as MP-DVEG). There are a total of nine numerical
experiments each for corn and soybean, respectively. To quantify differences in results from those experi-
ments, mean absolute error (MAE) was used.

Figure 2. Experimental AmeriFlux sites. (Photo credits: AmeriFlux).
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4. Results and Discussion
4.1. Simulated Seasonality of
Crop Growth Characteristics

Correctly simulating GDD is impor-
tant in determining not only for dif-
ferent Noah-MP PGS but also for a
broad range of users, especially
agronomists, to estimate crop
growth stages. As shown in
Figure 3, there is notable year-to-
year variability in GDD during the
growing conditions (from planting
to maturity). At the corn site in
Bondville (Figure 3a), starting from
June, GDD increases in 2005 faster
than in 2001 and 2003. At the soy-
bean site in Mead (Figure 3b), start-
ing from late June, GDD increases
slower in 2004 than in 2002 and
2006. Because GDD is a function of
air temperature, higher average
temperature leads to higher GDD.
Given the same genetic parameters
of crops, higher GDD in 2005 at the
Bondville site means that corn
reaches successive growth stages at
a faster pace than in the other

2 years. Similarly, the lower GDD in 2004 at the Mead site indicates that in 2004, soybeans have a slower
developing growth than in the other 2 years. For example, in this study, GDD for corn maturity is set to
1555 based on Neild and Newman [1987]. With this criterion, corn reaches the maturity stage on day of year
(DOY) 264 in 2001, DOY 267 in 2003, and DOY 247 in 2005 (Figure 3a). Therefore, higher GDD in the 2005
growing season leads to a maturity stage 20 days earlier than the other years.

The GDD of soybean to finish vegetative development is set to 1183 based on Kumar et al. [2008], and the
vegetative development was completed on DOY 222 in 2002, DOY 221 in 2006, and DOY 242 in 2004
(Figure 3b). In 2004, soybean needed 20 more days for vegetative development compared to 2002 due to
the slower accumulation of GDD. As discussed below, the effects of a longer vegetative period are reflected
in higher LAI (Figure 4b). These results highlight the decisive role of temperature and the use of GDD in

Table 3. Data From Ameriflux Sites

Sites Category Parameters Period

Bondville,
IL

Inputs Meteorological forcing (half
hourly)

2001–2006

Planting dates of corn 2001, 2003, and
2005

Leaf area per living leaf
biomass (SLA)

2001, 2003, and
2005

Validations Surface heat fluxes (half
hourly)

2001, 2003, and
2005

0–10 cm soil moisture (half
hourly)

10–40 cm Soil moisture (half
hourly)

Leaf area index (LAI)
Biomass of leaf, stem, and

grain
Mead, NE Inputs Meteorological forcing

(hourly)
2001–2006

Planting dates of soybean 2002, 2004, and
2006

Leaf area per living leaf
biomass (SLA)

2002, 2004, and
2006

Validations Surface heat fluxes (hourly) 2002, 2004, and
2006

0–10 cm Soil moisture
(hourly)

10–40 cm Soil moisture
(hourly)

Leaf area index (LAI)
Total above ground biomass

Figure 3. Growing degree days (GDD) of growing season for the (a) Bondville site and the (b) Mead site.
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determining crop growth characteristics. Therefore, the ability to capture the annual variability of GDD and its
association with crop growing stages is critical to Noah-MP long-term (such as multiyear time scale)
simulations.

The amount of crop leaves also modulates canopy radiation, turbulence transfer, and plant transpiration. As
shown in Figure 4a, using the default table-based green LAI approach (MP-TBLAI) captures the general trend
but overestimates spring LAI and underestimate summer LAI for corn. Meanwhile, MP-DVEG cannot capture
the general corn growing seasonality and resulted in a premature reproductive stage (starting in June com-
pared to July in field observations) resulting in rapid reduction of LAI in July. Compared to these two existing
Noah-MP capabilities, the new Noah-MP-Crop has superior performance in reproducing observed seasonal
variations and LAI amounts for corn fields. The 3 year averaged LAI MAE of MP-CROP (corn) is 0.4, much lower
than that simulated by MP-DVEG (1.98) and MP-TBLLAI (1.19) (Table 4).

For soybean simulation (Figure 4b), the vegetative growing seasons in both MP-TBLAI and MP-DVEG 3 year
simulations start about 1month too early, and the reproductive stage lasts too long. As with the corn simula-
tions, MP-CROP is much better at capturing the start and end of the vegetative growing and reproductive
growing seasons and produces better agreement with LAI observations. As aforementioned, the slower
increase of GDD in 2004 resulted in overestimated LAI and prolonged the length of the vegetative and repro-
ductive stages. The 3 year averaged LAI MAE of MP-CROP (soybean) is 0.63 and is lower than that produced
by MP-DVEG (1.26) and MP-TBLAI (1.14) (Table 4).

These results show the limitations of using GDD alone to predict crop growth stages since the accumulated
GDD criteria used in this study and other studies [e.g., Levis et al., 2012] are the mean value of long-term GDD
climatic data. Under “normal” climatic conditions, the model performs well using the mean GDD. However,
the long-term mean GDD requirements may not reflect the impacts of climate variability and results in
reduced accuracy of predicting crop growth stages under abnormal climatic conditions. For example, in

Figure 4. (a) Comparisons of simulated LAI for corn at the Bondville site. (b) Comparisons of simulated LAI for soybean at
the Mead site. (obs: observations, collected form Ameriflux site).
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the presence of drought, the GDD
criterion for each PGS tends to be
lower than normal conditions, while
under anomalous wetting, the GDD
requirements will be higher [Miller
et al., 2001]. Yang et al. [2004]
pointed out that for corn under opti-
mal water conditions, the actual
GDD values to reach the silking
stage tend to be lower than its cli-

matic mean value. In the current version of Noah-MP-crop, GDD has not yet been combined with water avail-
ability or other variables needed to predict crop growth stages due to the lack of information required to
quantify the impacts of climate variability on GDD requirements. The rapid drop of LAI in late October in
the MP-CROP simulations is due to harvesting.

Figure 4 shows the differences in growing stages as well as in the peak values of LAI between corn and soy-
bean. In our study sites, the plantings dates of corn (soybean) start in early May (June). LAI of corn (soybean)
peaks in July (August), and the maximum LAI of corn is higher than that of soybean for those specific years. By
using distinctive planting function for corn and soybean, Noah-MP-Crop is able to capture these differences
in LAI during various crop growth stages, which is critical for land-atmospheric interactions.

As demonstrated, so far, the Noah-MP-Cropmodel is able to capture the seasonal and annual variability of LAI
by incorporating planting, harvesting, and crop growth functions of corn and soybean. Also noted is the abil-
ity of the model to differentiate LAI characteristics between C3 (soybean) and C4 (corn) crops, while the MP-
TBLAI and MP-DVEG approach shows similar LAI maximum values for both sites. The corn LAI simulations at
the Mead site and the soybean simulations at the Bondville site were validated using the Noah-MP-Crop
default crop genetic parameters. The results (Figure S1 in the supporting information) indicate that themodel
is able to conduct studies at different locations with minimum calibration.

4.2. Impacts of LAI on Surface Heat Fluxes During the Growing Season

With the enhanced simulations of LAI, cascading impacts on the exchange of energy and water between the
cropland surface and the atmosphere during the crop growing season were expected. For corn simulations at
the Bondville site, the monthly diurnal pattern of site-observed sensible heat flux (H) is generally well cap-
tured by each of the three model options (Figure 5a). MP-CROP shows improved performance in simulating
H, especially for May–August. For instance, both the observations and MP-CROP simulations show low values
of LAI in May. Compared to the MP-DVEG and MP-TBLAI simulations, lower LAI in observations and MP-CROP
simulations during the early corn growing stage allows more solar energy to reach the ground surface result-
ing in higher sensible heat flux [Hardwick et al., 2015]. In July and August, high values of LAI can be seen in the
observations and MP-CROP simulations. Higher LAI reduces H in the summer, causing the “cooling effect” of
croplands [Bonan, 2001; Lobell et al., 2006], and this cooling effect is well captured by MP-CROP. The MAE of
daytime sensible heat flux in MP-CROP at the Bondville corn site is 36.1Wm�2 (Table 5), which is significantly
lower than that of MP-DVEG (63.8Wm�2) andMP-TBLAI (50.2Wm�2). The focus was on daytimeMAE instead
of daily averaged MAE, because the period of interest is when crop transpiration is active and surface heat
flux values are high. For latent heat flux (LE) simulations (Figure 5b), three model options also captured the
seasonal trend of the diurnal cycle of LE: high in peak growing seasons (June–August) and low in the early
growth and harvesting stages. MP-CROP shows improvement in simulating the LE in early growing season:
May and June. For example, the MAE in MP-CROP for May in simulating LE is 51.1Wm�2, which is 47% lower
than MP-DVEG and 25% lower than MP-TBLAI (Table 5). Nevertheless, the improvement in simulating LE in
MP-CROP is not as notable as improving H, and one possible reason is that the dynamic root depth and den-
sity were not parameterized in the Noah-MP-Crop model, which suggests estimation of the seasonal access
to soil water could have deficiencies. In the model, crop rooting depth is set as 1m through the whole grow-
ing season, which limits the interaction between root and soil moisture as indicated in other studies [Gayler
et al., 2014]. In general, the LE simulation at the beginning of the season is reasonable so we that think the
eventual inclusion of the root-water dynamics will improve the middle to late season partitioning between
H, LE, and G.

Table 4. MAE of LAI Simulations (Unit: m2m�2)

Sites Crop Year MP-CROP MP-DVEG MP-TBLAI

Bondville,IL Corn 2001 0.43 1.60 0.77
2003 0.38 2.50 1.83
2005 0.38 1.83 0.96

Average 0.40 1.98 1.19
Mead,NE Soybean 2002 0.25 0.84 0.82

2004 1.26 1.59 1.44
2006 0.38 1.33 1.18

Average 0.63 1.26 1.14
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For soybean simulations at the Mead site, three model options captured the general seasonal variations in
H, and MP-CROP shows enhanced performance in May and June (Figure 6a and Table 5). For example, in
June, the MAE of MP-CROP is 33.3Wm�2, which is 57% lower than the MAE of MP-DVEG and 58% lower
than the MAE of MP-TBLAI. This improvement in MP-CROP is mainly due to the fact that a dynamic crop
growth model is able to simulate the low LAI (Figure 4b) during the early soybean growing season where
current Noah-MP modeling methods failed. From July to October, the three model options show similar
performance and good agreement with observations (Table 5). The average growing season daytime MAE

Figure 5. (a) Comparison of simulated sensible heat flux (H) for corn at the Bondville site. (obs: observations, collected form
Ameriflux site). (b) Comparison of simulated latent heat flux (LE) for corn at the Bondville site. (obs: observations, collected
form Ameriflux site).
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for the H simulations was as follows:
39.6Wm�2 (MP-CROP), 49.6Wm�2

(MP-DVEG), and 51.4Wm�2 (MP-
TBLAI). Similar to the H simulations,
the LE MP-CROP simulations
(Figure 6b) show better performance
in May and June than MP-DVEG and
MP-TBLAI. The LE MAE MP-CROP in
June is 83Wm�2, which is 39% lower
than MP-DVEG and 36% lower
than MP-TBLAI. From July to August,
the three model options show very
similar and good performance in
simulating LE. In September and
October, the three model options
overestimate LE. The average grow-
ing season daytime MAE of the
LE simulations was as follows:
62.6Wm�2 (MP-CROP), 77.1Wm�2

(MP-DVEG), and 74.2Wm�2 (MP-
TBLAI).

In summary, for the corn site
(Bondville) and the soybean site
(Mead), MP-CROP significantly
improved the simulation of surface
heat fluxes, especially surface sensi-
ble heat fluxes in the first half of
the crop growing season (May–July)
due to its ability to capture the
observed evolution of LAI.

4.3. Soil Moisture and Soil Temperature

A comparison of soil moisture simulations by the three Noah-MP model options with observations for the
Bondville site is shown in Figure 7a. MP-DVEG, MP-TBLAI, and MP-CROP produce similar seasonal trends with
observations responding to precipitation and evapotranspiration. Daily fluctuations in layer 1 are more fre-
quent than layer 2, as expected. The similarity in simulated soil moisture can perhaps be attributed to the fact
that all three model options use the same prescribed rooting depth, and the model lacks a dynamic root
development scheme, which is a priority for future Noah-MP-Crop model development. The results indicate
that at these two sites, the Noah-MP model can capture weekly and seasonal variability but still underesti-
mates soil moisture. The underestimations may be caused by uncertainties in the observations, use of a single
soil type for all soil layers in the model, the limitations in simulating soil moisture dynamics/soil physics, and
the poor representation of roots. For example, the soil type of Bondville is silt loam, but in the model default
setting, themaximum soil moisture of silt loam is 0.476 (m3m�3). However, in 2003, some observations of the
first layer exceeded 0.476.

Since there is a gap between modeled soil moisture and observations (Figure 7a), probability density functions
(pdfs) of normalized soil moisture (Figure 7b) were compared. The equation used for normalization is as follows:

Θ ¼ θ � θmin

θmax � θmin

whereΘ is normalized soil moisture, θ is the soil moisture, and θmax and θmin are themaximum andminimum
soil moisture in modeled results and observations, separately. As shown in Figure 7b, the pdfs of observations
have large year-to-year variability for both layer 1 and layer 2. In 2005, the pdfs of observations for low nor-
malized soil moisture (<0.2) dominate the whole distribution of both layers. In 2001, the pdfs of observations

Table 5. MAE of Sensible Heat Flux and Latent Heat Simulations During
the Daytime (8 A.M. to 6 P.M., 3 Year Average, Unit: Wm�2)

Sites Crop Month
MP-
CROP

MP-
DVEG

MP-
TBLAI

Bondville,
IL

Corn May 42.2 94.2 74.5

Sensible heat flux June 39.6 51.1 53.4
July 24.5 77.9 48.2

August 36.9 94.4 56.2
September 50.7 40.8 38.4
October 22.9 24.7 30.7
Average 36.1 63.8 50.2

Mead,NE Soybean May 55.6 70.7 82.1
Sensible heat flux June 33.3 76.8 79.2

July 17.8 20.1 18.3
August 30.4 35.0 32.1

September 52.0 48.8 47.7
October 48.4 46.5 49.1
Average 39.6 49.6 51.4

Bondville,
IL

Corn May 51.1 95.7 68.1

Latent heat flux June 48.7 59.1 60.1
July 49.9 40.4 36.5

August 32.2 79.8 39.8
September 53.7 66.6 57.9
October 25.7 37.2 31.4
Average 43.5 63.1 49.0

Mead,NE Soybean May 97.9 116.1 120.1
Latent heat flux June 83.0 135.3 130.6

July 48.8 50.9 47.7
August 23.1 32.0 27.8

September 61.9 70.1 63.0
October 61.1 58.0 60.0
Average 62.6 77.1 74.2
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for high normalized soil moisture (>0.8) dominate layer two. In 2003, the pdfs tend to be normal. The three
model options show similar performance in the pdfs. They are able to capture the density distribution range
when the observations are normal (e.g., 2003) but fail to simulate “extreme” situations. For instance, the
model cannot capture the large density of low soil moisture in 2005 or the small density of high soil moisture
of layer two in 2001. The results also show the difficulties in soil moisture simulations and in comparing mod-
eled soil moisture with observations, which is a common problem in land surface modeling [Koster and Milly,
1997; Chen and Mitchell, 1999; Cosgrove et al., 2003; Chen et al., 2007], because modeled soil moisture heavily

Figure 6. (a) Comparison of simulated sensible heat flux at the soybean site in Mead, NE. (obs: observations, collected form
Ameriflux site). (b) Comparison of simulated latent heat flux at the soybean site in Mead, NE. (obs: observations, collected
form Ameriflux site).
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depends on how models treat evaporation-runoff processes and may have their own soil moisture dynamic
ranges that are different from observations.

Despite the lack of dynamic root parameterization in Noah-MP, including crop models indeed produces dis-
cernable differences in simulated soil moisture during the growing season in the top two soil layers. Hence, to
effectively assimilate soil moisture products, such as those obtained from the Soil Moisture Active Passive
sensor, in agricultural regions, crop growth effects on the seasonal evolution of soil moisture may need to
be taken into account.

For soil temperature, the three model options are able to replicate seasonal trends (Figure 7c). There are no
obvious differences between MP-CROP, MP-DEVG, and MP-TBLAI in the early stages of the growing season
(e.g., May and June). During July–September, the models tend to overestimate the surface temperature,
but MP-CROP shows a smaller bias than the other two model options. Similar results can be seen in the prob-
ability density distributions (Figure 7d).

4.4. Evaluation of Noah-MP-Crop Estimated Crop Biomass and Yield

In addition to enhancing the representation of cropland-atmosphere interactions, one expected benefit of
the community Noah-MP-Crop model is its ability to provide crop yield information useful for agriculture stu-
dies and management applications at regional scales in the context of computationally efficient High-
Resolution Land Data Assimilation System [Chen et al., 2007]. Various biomass simulated by Noah-MP-Crop
at the Bondville site are shown in Figure 8a. The simulated results are remarkably close to observations, suc-
cessfully capturing the rapid leaf growth in June, rapid stem growth in July, decline in leaf and stem mass at
the end of July when corn starts the reproduction growth stage, and the rapid grain growth in August. The
MAE of the simulated biomass is low (<12%, Table 6). For 2005, Noah-MP underestimated stem mass but
overestimated grain mass in August. The redistribution functions between stem and grain seem to be the
main factor contributing to this problem.

Figure 7. (a) Daily precipitation (mm, upper panel) and comparisons of simulated first soil layer (5 cm, middle panel), and
second soil layer (30 cm, lower panel) soil moisture for the Bondville site. (obs: observations, collected form Ameriflux site).
(b) Probability density distribution of normalized soil moisture. (obs: observations, collected form Ameriflux site). (c) Surface
soil temperature (K, daily average). (d) Probability density distribution of surface soil temperature. (obs: observations, col-
lected form Ameriflux site).

Journal of Geophysical Research: Atmospheres 10.1002/2016JD025597

LIU ET AL. NOAH-MP-CROP 13,965



Since the Mead site observations only reported the total aboveground soybean biomass, the simulated leaf,
stem, and grain mass were summed up to compare with observations (Figure 8b). Again, the Noah-MP-Crop
model-simulated results closely followed the observed trend but tended to slightly overestimate soybean

yield. Especially in 2004, the model
simulates higher biomass than 2002
and 2006; we believe that this relates
to the overestimation of LAI in 2004.

Note that the overarching goal for
the Noah-MP-Crop model is to pro-
vide an attainable yield rather than
an actual yield. Although the

Figure 8. (a) Simulated leaf, stem, and grain biomass of corn at the Bondville site. (obs: observations, collected form
Ameriflux site) (b) Simulated aboveground soybean biomass at the Mead site. (obs: observations, collected form
Ameriflux site).

Table 6. MAE of Biomass Simulations (Unit: gm�2)

Sites Crop Parts 2001 2003 2005 Average

Bondville,IL Corn Leaf 26 50 33 36
Stem 49 75 67 64
Grain 75 207 427 236

2002 2004 2006 Average
Mead, NE Soybean Aboveground 47 15 65 42
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impacts of water stress on yield were considered in themodel, the yield loss caused by insects and weeds was
not. And the model assumes that there is optimal nutrient availability. It is worth noting that the Noah-MP-
Crop model shows good performance in capturing seasonal and annual biomass variability in corn during
those 3 years.

Compared to traditional cropmodels (e.g., DSSAT and Hybrid-Maize), the Noah-MP-Cropmodel can be executed
with fewer crop-specific input parameters and with a more flexible time step, while the traditional models only
can simulate at a daily time step, which is critical for coupling it with climate and weather models. Additionally,
Noah-MP-Crop includes more realistic and detailed biophysical processes than traditional crop models.

5. Conclusions and Future Work

This paper describes the development and evaluation of the Noah-MP-Crop model, as the first step toward
enhancing the representation of two-way crop-atmospheric interactions inWRF. Corn and soybean growthmod-
els were incorporated into Noah-MP along with a customizable lookup table for specific crop biophysical and
management parameters. Evaluated with long-term field observations, the Noah-MP-Crop model is able to cap-
ture seasonal and annual variations in corn and soybean phenology and biomass. Furthermore, it produces bet-
ter agreement with observations compared to current available methods in Noah-MP. In particular, improved
simulations of LAI in Noah-MP-Crop lead to improved surface heat fluxes, especially in the early period of the
growing season where current Noah-MP significantly overestimated LAI. These results highlight the importance
of correctly simulating the seasonal evolution of crops and its implications in affecting land-atmospheric interac-
tions through the exchange of heat andwater vapor over agricultural regions. This study also indicates the neces-
sity of incorporating field management in Noah-MP-Crop. The addition of crop yields and GDD as model outputs
expands the application of Noah-MP-Crop to regional agriculture studies. Noah-MP-Crop can be used in (1)
assessment of impacts of crop growth on weather when couple with WRF and (2) regional agroclimatic analysis
on the impacts of climate change/climate variability on crop yield (e.g., under Agricultural Model Intercomparison
and Improvement Project’s gridded modeling assessment framework) [Elliott et al., 2015].

Results reveals that the relationship between GDD and crop growing stages significantly affects the simula-
tion of crop and phenology and hence surface heat fluxes and crop biomass. However, there are limitations in
the use of climatology and temperature-based GDD alone in predicting growth stages, which will restrict the
model in capturing the impacts of climate variability. It is necessary to develop a new method that combines
GDD with other environmental factors (e.g., water availability), to more accurately define crop growth stages.
To accomplish this goal, collaboration with the agricultural community continues to be evolving. The
improvement of simulated LE and soil moisture in Noah-MP-Crop is not as notable as improving surface sen-
sible heat fluxes. We speculate that including dynamic root depth and density parameterization would
enhance these aspects. To sum up, for the future improvements of Noah-MP-Crop, we will focus on the fol-
lowing: (1) improve the simulation of dynamic root-soil moisture interaction, (2) add irrigation function that
will interact with water table and water network, and (3) continue to enhance the role of management infor-
mation (planting dates and cultivar selections) in the model.

Appendix A: Major Equations in the Noah-MP-Crop Model

This appendix includes the major equations that are used in the Noah-MP-Crop model.

GDD calculation:

Basic equation:

GDD ¼ Tmax � Tmin

2
� Tbase

GDD growing degree days;
Tmax maximum daily temperature (C);
Tmin minimum daily temperature (C);
Tbase base temperature for organism (C).
Implemented equations in Noah-MP-Crop:
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GDDi∑
i
T i � GDDTBASEð Þ*IPA*IHA (A1)

IF T ≥GDDTCUT, T =GDDTCUT.
GDDi accumulated growing degree days at current time step;
GDDBASE base temperature for GDD accumulation (C);
GDDCUT upper temperature for GDD accumulation (C);
Ti air temperature (C);
IPA planting index (1 = on; 0 = off);
IHA harvesting index (1 = off; 0 = on).

GDDDAYi ¼ GDDi= Tsec=DTð Þ (A2)

GDDDAYi accumulated growing degree days at current day;
Tsec total seconds of a day = 24*3600 [s];
DT time step [s];
Crop growth stages determination:

JULIANi≤PLTDAY⇒PGS ¼ 1

GDDDAYi≥0⇒PGS ¼ 2

GDDDAYi≥GDDS1⇒PGS ¼ 3

GDDDAYi≥GDDS2⇒PGS ¼ 4

GDDDAYi≥GDDS3⇒PGS ¼ 5

GDDDAYi≥GDDS4⇒PGS ¼ 6

GDDDAYi≥GDDS5⇒PGS ¼ 7
JULIANi≥PLTDAY⇒PGS ¼ 8

(A3)

JULIANi Julian day of the year;
PGS plant growth stage;
GDDS1 GDD from seeding to emergence;
GDDS2 GDD from seeding to initial vegetative;
GDDS3 GDD from seeding to normal vegetative;
GDDS4 GDD from seeding to initial reproductive;
GDDS5 GDD from seeding to physical maturity.
Carbonhydrate assimilation:

CBHYDRAFX ¼ PSN*30*IPA* 1�WSTRESð Þ*uca (A4)

CBHYDRAFX carbohydrate assimilated per model step (gm�2);
PSN total leaf photosynthesis (μmol CO2m

�2 s�1) (Calculated from Noah-MP);
WSTRES soil water stress (Calculated from Noah-MP);
uca unit conversion factor a= 10�6;
ucb unit conversion factor b= 10�3.
Maintenance respiration:

FNF ¼ FOLN=FOLN MX

TF ¼ Q10MR** TV� 298:16ð Þ=10:ð Þ
RESP ¼ LFMR25*TF*FNF*LAI* 1:�WSTRESð Þ
RSLEAF ¼ RESP*30*uca

RSROOT ¼ RTMR25* RTMASS*ucbð Þ*TF*30*uca
RSSTEM ¼ STMR25* STMASS*ucbð Þ*TF*30*uca

RSGRAIN ¼ GRAINMR25* GRAIN*ucbð Þ*TF*30*uca (A5)

NF foliage nitrogen adjustment to respiration;
TF temperature factor;
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TV leaf temperature (K);
Q10MR Q10 for maintenance respiration;
RESP leaf respiration (μmolm�2 s�1);
FNF foliage nitrogen adjustment to respiration;
FOLN_MX foliage nitrogen concentration (%);
LAI leaf area index;
RSLEAF leaf maintenance respiration per time step (gm�2);
RSROOT root maintenance respiration per time step (gm�2);
RSSTEM stem maintenance respiration per time step (gm�2);
RSGRAIN grain maintenance respiration per time step (gm�2);
LFMR25 leaf maintenance respiration at 25°C (μmol co2/kg bio/s);
STMR25 stem maintenance respiration at 25°C (μmol co2/kg bio/s);
RTMR25 root maintenance respiration at 25°C (μmol co2/kg bio/s);
GRAINMR25 grain maintenance respiration at 25°C (μmol co2/kg bio/s);
LFMASS leaf mass (gm�2);
RTMASS root mass (gm�2);
STMASS stem mass (gm�2);
GRAIN grain mass (gm�2).
Growth respiration:
GRLEAF ¼ FRA GR* LFPT PGSð Þ*CBHYDRAFX� RSLEAFð Þ
GRSTEM ¼ FRA GR* STPT PGSð Þ*CBHYDRAFX� RSSTEMð Þ
GRROOT ¼ FRA GR* RTPT PGSð Þ*CBHYDRAFX� RSROOTð Þ
GRGRAIN ¼ FRA GR* GRAINPT PGSð Þ*CBHYDRAFX� RSGRAINð Þ

(A6)

GRLEAF growth respiration rate for leaf (gm�2 s�1);
GRSTEM growth respiration rate for stem (gm�2 s�1);
GRROOT growth respiration rate for root (gm�2 s�1);
GRGRAIN growth respiration rate for grain (gm�2 s�1);
FRA_GR fraction of growth respiration;
LFPT(PGS) fraction of carbohydrate flux to leaf;
STPT(PGS) fraction of carbohydrate flux to stem;
RTPT(PGS) fraction of carbohydrate flux to root;
GRAINPT(PGS) fraction of carbohydrate flux to grain.
Turnover and death:

LFTOVR ¼ LF OVRC PGSð Þ *LFMASS*uca

RTTOVR ¼ RT OVRC PGSð Þ *RTMASS*uca

STTOVR ¼ ST OVRC PGSð Þ *STMASS*uca

SC ¼ EXP �0:3* TV� LEFREEZð Þð Þ* LFMASS=120ð Þ
SD ¼ EXP WSTRES� 1:ð Þ*WSTRCð Þ
DIELF ¼ LFMASS*uca* DILE FW PGSð Þ*SDþ DILE FC PGSð Þ*SCð ÞÞ

(A7)

LFTOVR leaf turnover rate (gm�2 s�1);
RTTOVR root turnover rate (gm�2 s�1);
STTOVR stem turnover rate (gm�2 s�1);
DIELF death of leaf mass rate (gm�2 s�1);
LF_OVRC(PGS) leaf turnover coefficient (1/s);
RT_OVRC(PGS) root turnover coefficient (1/s);
ST_OVRC(PGS) stem turnover coefficient (1/s);
LEFREEZ characteristic T for leaf freezing (K);
DILE_FW(PGS) coefficient for leaf temperature stress death (1/s);
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DILE_FC(PGS) coefficient for leaf water stress death (1/s).
Carbohydrate flux allocation:

NPPL ¼ LFPT PGSð Þ *CBHYDRAFX� GRLEAF� RSLEAF

NPPS ¼ STPT PGSð Þ *CBHYDRAFX� GRSTEM� RSSTEM

NPPR ¼ RTPT PGSð Þ *CBHYDRAFX� RSROOT� GRROOT

NPPG ¼ GRAINPT PGSð Þ*CBHYDRAFX� RSGRAIN� GRGRAIN

LFMASS ¼ LFMASSþ NPPL� LFTOVR� DIELFð Þ *DT

STMASS ¼ STMASSþ NPPS� STTOVRð Þ *DT

RTMASS ¼ RTMASSþ NPPR� RTTOVRð Þ *DT
GRAIN ¼ GRAINþ NPPG*DT

(A8)

NPPL leaf net primary productivity (gm�2 s�1);
NPPS stem net primary productivity (gm�2 s�1);
NPPR root net primary productivity (gm�2 s�1);
NPPG root net primary productivity (gm�2 s�1).
Convert leaf mass to leaf area index:

LAI ¼ LFMASS *BIO2LAI (A9)

BIO2LAI Leaf area per living leaf biomass (SLA).
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