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2	  

ABSTRACT 37	  

Leaf chlorophyll content (Chll) may serve as an observational proxy for the maximum rate of 38	  

carboxylation (𝑉!"#), which describes leaf photosynthetic capacity and represents the single most 39	  

important control on modeled leaf photosynthesis within most Terrestrial Biosphere Models (TBMs). The 40	  

parameterization of 𝑉!"# is associated with great uncertainty as it can vary significantly between plants 41	  

and in response to changes in leaf nitrogen (N) availability, plant phenology and environmental 42	  

conditions. Houborg et al. (2013) outlined a semi-mechanistic relationship between 𝑉!"#!"  (𝑉!"# 43	  

normalized to 25°C) and Chll based on inter-linkages between 𝑉!"#!" , Rubisco enzyme kinetics, N and 44	  

Chll. Here, these relationships are parameterized for a wider range of important agricultural crops and 45	  

embedded within the leaf photosynthesis-conductance scheme of the Community Land Model (CLM), 46	  

bypassing the questionable use of temporally invariant and broadly defined plant functional type (PFT) 47	  

specific 𝑉!"#!"  values. In this study, the new Chll constrained version of CLM is refined with an updated 48	  

parameterization scheme for specific application to soybean and maize.  49	  

The benefit of using in-situ measured and satellite retrieved Chll for constraining model simulations of 50	  

Gross Primary Productivity (GPP) is evaluated over fields in central Nebraska, U.S.A between 2001 and 51	  

2005. Landsat-based Chll time-series records derived from the Regularized Canopy Reflectance model 52	  

(REGFLEC) are used as forcing to the CLM. Validation of simulated GPP against 15 site-years of flux 53	  

tower observations demonstrate the utility of Chll as a model constraint, with the coefficient of efficiency 54	  

increasing from 0.91 to 0.94 and from 0.87 to 0.91 for maize and soybean, respectively. Model 55	  

performances particularly improve during the late reproductive and senescence stage, where the largest 56	  

temporal variations in Chll (averaging 35 – 55 µg cm-2 for maize and 20 - 35 µg cm-2 for soybean) are 57	  

observed. While prolonged periods of vegetation stress did not occur over the studied fields, given the 58	  

usefulness of Chll as an indicator of plant health, enhanced GPP predictabilities should be expected in 59	  

fields exposed to longer periods of moisture and nutrient stress. While the results support the use of Chll 60	  

as an observational proxy for 𝑉!"#!" , future work needs to be directed towards improving the Chll retrieval 61	  

accuracy from space observations and developing consistent and physically realistic modeling schemes 62	  

that can be parameterized with acceptable accuracy over spatial and temporal domains. 63	  

 64	  

Keywords: Landsat; Leaf chlorophyll content; Vmax, leaf photosynthetic capacity; Community Land 65	  

Model; Agriculture; Rubisco; Nitrogen 66	  

 67	  
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1. Introduction 68	  

Chlorophyll pigments absorb photosynthetically active radiation (PAR) and therefore constitute a vital 69	  

element in the photosynthetic process. Leaf chlorophyll content (Chll), defined here as total chlorophyll a 70	  

plus chlorophyll b content on a one-sided leaf area basis, varies substantially in space and time and 71	  

responds to changes in plant type (Gitelson et al., 2006a), environmental conditions (Evans, 1989), 72	  

nutrient and water availability (Yamori et al., 2011) and plant phenology (Croft et al., 2014). 73	  

Accordingly, Chll can be an important determinant of the overall plant physiological condition, serving as 74	  

a critical proxy for plant stress (Zarco-Tejada et al., 2002), leaf nitrogen (Sage et al., 1987) and vegetation 75	  

productivity (Gitelson et al., 2006b; Houborg et al., 2013; Schull et al., 2015). Reliable assessments of 76	  

vegetation productivity, which may be referred to as Gross Primary Productivity (GPP), are useful for a 77	  

diverse range of applications and studies related to agricultural management, precision farming, 78	  

ecosystem monitoring and climate change. GPP has been estimated simply as a linear function of 79	  

absorbed PAR and an empirical coefficient (light-use-efficiency, LUE) that describes the efficiency of 80	  

plants in using the absorbed energy for photosynthesis, based on the semi-empirical approach of Monteith 81	  

(1972). The simplicity of this approach makes it attractive in a remote sensing context (Gitelson et al., 82	  

2014; Running et al., 2004), but its success depends on correct specifications of canopy LUE in space and 83	  

time and the relative importance of environmental and physiological constraints and feedback 84	  

mechanisms not considered by the simple linear model. 85	  

State of the art terrestrial biosphere models (TBMs) are characterized by improved process understanding 86	  

and descriptions for realistic simulation of biogeophysical and biogeochemical processes and exchanges 87	  

of water, carbon and heat between the soil, vegetation and atmosphere. TBMs such as the Biosphere 88	  

Energy Transfer Hydrology scheme (BETHY: Knorr, 2000), O-CN (Zaehle and Friend, 2010), the Joint 89	  

Land Environment Stimulator (JULES: Clark et al., 2011) and the Community Land Model (CLM: 90	  

Oleson et al., 2010), all embed coupled stomatal conductance and carbon assimilation models and leaf-to-91	  

canopy scaling schemes, to mechanistically reflect plant physiological responses to changes in 92	  

atmospheric CO2, climate, environmental conditions and plant species. However, simulated land surface 93	  

fluxes are highly sensitive to differences in modeling schemes (Chen et al., 2011) and adopted 94	  

parameterizations over spatial and temporal domains (Groenendijk et al., 2011; Knorr and Heimann, 95	  

2001; Zaehle, 2005). The TBMs typically incorporate biochemical equations of C3 and C4 photosynthesis 96	  

(Collatz et al., 1992, 1991; Farquhar et al., 1980), where the maximum rate of carboxylation at 25 °C 97	  

(𝑉!"#!" ) represents the single most important parameter for estimating GPP (Bonan et al., 2011; Rogers, 98	  

2014; Verheijen et al., 2013). 𝑉!"# is directly related to leaf concentration of the Rubisco enzyme that 99	  

acts as a catalyst for carbon fixation, which in turn is strongly related to leaf nitrogen (N) because of the 100	  
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large proportion of N in the photosynthetic machinery (Evans, 1989).  Given the importance of this 101	  

variable, there is a need to improve the parameterization of 𝑉!"#!"  in order to reduce uncertainties of model 102	  

predicted carbon fluxes in space and time. 103	  

𝑉!"# can only be inferred at the leaf level, typically from fitting a model to leaf gas exchange 104	  

measurements (Wullschleger et al., 1993; Sharkey et al., 2007) and exhibits considerable variation 105	  

between and within species (Houborg et al., 2009; Wullschleger et al., 1993; Kattge and Knorr, 2007). 106	  

Prescribing 𝑉!"#!"  with sufficient accuracy for model application over large areas with contrasting cover 107	  

types and environmental conditions can be challenging and TBMs most often use time-invariant and plant 108	  

functional type (PFT)-specific 𝑉!"#!"  values, which have been derived in a number of different ways 109	  

leading to a lack of consensus in adopted values (Rogers, 2014). Recent advancements in the utilization of 110	  

leaf nitrogen quantitative traits have enabled a more realistic and empirically grounded parameterization 111	  

of PFT-specific 𝑉!"#!"  values (Kattge et al., 2011, 2009; Walker et al., 2014). However, photosynthetic 112	  

capacity can differ markedly within each PFT due to spatio-temporal changes in N availability, plant 113	  

phenology and climate conditions (Keenan et al., 2012; Xu and Baldocchi, 2003). 114	  

Remote sensing can support the implementation of TBMs by providing information on the spatial and 115	  

temporal distribution of land surface vegetation characteristics important for constraining model 116	  

simulations through better informed model parameterizations.  Chll can be directly retrieved from satellite 117	  

observed reflectances by inversion of leaf optical properties and canopy reflectance models (Jacquemoud 118	  

et al., 2009) and since Chll has significant potential as an operational proxy for N (Homolová et al., 2013), 119	  

satellite-based Chll may facilitate the needed observational constraint on leaf photosynthetic capacity 120	  

(Houborg et al., 2013). However, the retrieval of Chll from remotely sensed canopy reflectance data is 121	  

associated with fairly large uncertainties due to the influence of confounding factors from the atmosphere, 122	  

canopy and soil, as well as the ill-posed nature of model inversion, which may result in non-unique 123	  

solutions (Houborg et al., 2015).  124	  

Whether the retrievable accuracy of satellite-based Chll is sufficient for use in this context needs to be 125	  

examined. This study attempts to investigate the utility of Chll as a proxy for 𝑉!"#!"  using an extensive 126	  

dataset of both in-situ and satellite-retrieved Chll over maize and soybean sites in central Nebraska over a 127	  

5-year period. The satellite-based records were previously derived from runs with the Regularized 128	  

Canopy Reflectance model (REGFLEC) using 30 Landsat scenes as input (Houborg et al., 2015). A semi-129	  

mechanistic formulation for linking Chll to 𝑉!"#!"  (Houborg et al., 2013) is adopted here with a refined 130	  

parameterization based on an extensive literature review for potential application over a wide suite of 131	  

agricultural crops. The updated parameterization is embedded into the Community Land Model for the 132	  
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simulation of GPP and validated against 5 years of flux tower observations over irrigated and rainfed 133	  

maize and soybean fields. 134	  

2. Material and Methods	  135	  

2.1. Study site and measurements 136	  

 137	  

Flux tower observations, in-situ LAI and Chll measurements, and satellite-retrieved Chll from three sites 138	  

(Ne1: 41.1645°N, 96.4766°W; Ne2: 41.1649°N, 96.4701°W; Ne3: 41.1797°N, 96.4396°W) located at the 139	  

University of Nebraska-Lincoln Agricultural Research and Development Center near Mead, Nebraska, 140	  

were used in this study (Fig. 1). Ne1 has been planted with maize continuously since 2001, whereas Ne2 141	  

and Ne3 rotate between maize and soybean. Irrigation at fields Ne1 and Ne2 is managed by center pivot 142	  

systems while Ne3 relies on rainfall. Irrigation at Ne1 and Ne2 approximately doubles the amount of 143	  

water available when compared to precipitation alone (Kalfas et al., 2011) and the well-watered 144	  

conditions resulted in sufficient soil moisture throughout the growing seasons over the five-year study 145	  

period (2001 - 2005). All sites underwent application of herbicide, pesticide and N fertilizer in accordance 146	  

with best management practices for optimizing crop yields and only the rainfed site (Ne3) experienced 147	  

short periods of modest moisture stress (Verma et al., 2005). Further details of the sites and 148	  

instrumentation are given in Verma et al., (2005). 149	  

Fig. 1. Study area in Mead, Nebraska showing the locations of the three field sites under continuous 
irrigated maize (Ne1), irrigated maize-soybean (Ne2) and rainfed maize-soybean (Ne3). The white 
dots in each field represent the location of the flux towers. The map showcases retrievals of leaf 
chlorophyll content from Landsat data (day of year 196, 2002) using the REGFLEC model (section 
2.3). 
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In each field, micro-meteorological and eddy covariance instrumentation are deployed for continuous 150	  

(half-hourly) measurements of standard meteorological variables and CO2, heat and water flux densities, 151	  

as detailed in Verma et al. (2005) and Suyker and Verma (2010). Flux data are distributed under the fair-152	  

use policy in the Fluxnet - La Thuille synthesis dataset (http://www.fluxdata.org/, Agarwal et al., 2010). 153	  

This study uses the half-hourly data, where the CO2 flux densities or net ecosystem CO2 exchange (NEE) 154	  

measured by the EC system have been quality checked, gap-filled and partitioned into gross primary 155	  

productivity (GPP) and ecosystem respiration (Re) based on a standardized technique and algorithm 156	  

(Reichstein et al., 2005). In the derivation of GPP (GPP = NEE – Re), Re includes respiratory 157	  

components from leaves, stems, boles and soil, determined based on nighttime NEE observations (where 158	  

gross carbon uptake is assumed zero) and site-specific calibrated algorithms that define short-term 159	  

temperature sensitivities of Re (Reichstein et al., 2005). Flux data are associated with random 160	  

measurement errors ((Hollinger and Richardson, 2005; Post et al., 2015) and additional uncertainty 161	  

(typically < 10%) is introduced in the partitioning of NEE into GPP and TER (Desai et al., 2008). For the 162	  

following analyses, CO2 taken up by the ecosystem is regarded as a positive flux. 163	  

 164	  

Within each of the three fields, six small (20 m x 20 m) intensive measurements zones (IMZ) have been 165	  

carefully established to represent the spatial variability in soil characteristics (e.g. moisture and organic 166	  

matter content), topography and crop production potential in order to accurately upscale ground 167	  

measurements to the whole-field level (Verma et al., 2005). Green LAI was determined from destructive 168	  

samples of one-meter linear row sections in each IMZ, by multiplying the plant area (measured using a 169	  

LI-3100, LI-COR, Inc., Lincoln, NE) with the plant population of each sampling location (Vina et al., 170	  

2011). Plots were sampled at 10- to 14-day intervals covering all phenological stages (green-up, 171	  

reproductive and senescence stages) and resulting green LAI measurements have a reported mean 172	  

standard error less than 0.15 m2 m-2 (Guindin-Garcia et al., 2012). Fraction of green leaves (fg) was 173	  

derived from the destructive measurements of green and total LAI. Chll was estimated non-destructively 174	  

based on reflectance measurements of ear or collar leaf in maize and upper canopy leaves in soybean, 175	  

collected approximately twice a week within the six IMZs using a spectroradiometer equipped with a leaf 176	  

clip, as described in Gitelson et al. (2005). Chll determined analytically in the lab was related to the red 177	  

edge chlorophyll index (CIred edge = (Rnir/Rrededge) – 1) for the determination of linear regression coefficients 178	  

(Ciganda et al., 2009) and the derived Chll vs. CIrededge relationship was used to retrieve Chll of each leaf. 179	  

The linear model allowed Chll estimation in both species, with an RMSD of less than 6 mg cm-2 in the 180	  

Chll range from ~1 – 90 mg cm-2 (Gitelson et al., 2005). LAI and Chll data at the six IMZs were area-181	  

weighted averaged to obtain field-wide representative values (Gitelson et al., 2003b). Since 182	  

predominantly green leaves were sampled for Chll determination, estimates of total Chll averaging both 183	  
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green and senescent leaf material were calculated by multiplication with the field-wide estimates of fg. 184	  

These estimates of Chll were used as input to CLM.  185	  

 186	  

Given the large size of the fields and the central location of the towers (Fig. 4) the source areas (based on 187	  

the two-dimensional footprint model by Li et al., 2008) contributing 90% of the measured CO2 fluxes 188	  

were typically well within the field boundaries (not shown). The field-wide Chll and LAI estimates have 189	  

been shown to be provide a good representation of the measured tower fluxes over the growing seasons 190	  

(Gitelson et al., 2006b). 191	  

 192	  

2.2. Semi-mechanistic link between 𝐂𝐡𝐥𝒍 and 𝐕𝐦𝐚𝐱𝟐𝟓  193	  

Houborg et al. (2013) justified and outlined a semi-mechanistic formulation for linking Chll to the 194	  

maximum rate of carboxylation at 25°C (𝑉!"#!" ), which assumes a linear relationship between Chll and leaf 195	  

nitrogen (N), and is given as: 196	  

𝑉!"#!"     = 𝑐! ∙ 𝐾!"#!" ∙ 𝐹!"# ∙ 𝑁 =    𝑐! ∙ 𝐾!"#!" ∙ 𝐹!"# ∙ 𝑎 ∙ 𝐶ℎ𝑙! + 𝑏                    Eq. 1     197	  

where 𝐾!"#!"  is the catalytic Rubisco turnover rate at 25°C, 𝐹!"# is the fraction of leaf nitrogen in 198	  

Rubisco, a and b are the slope and y-intercept of the linear regression and 𝑐! is a conversion factor given 199	  

as 7 5500 (Houborg et al., 2013). Generalized relationships for C3 and C4 were established in Houborg et 200	  

al. (2013). Here we perform an extensive literature synthesis to investigate the variability and correlation 201	  

of interlinkages between Chll, N, Rubisco and 𝑉!"#!"  within species utilizing the C3 and C4 photosynthetic 202	  

pathways, in order to derive robust relationships for integrating estimates of Chll into the coupled 203	  

photosynthesis-conductance scheme (Section 2.4). 204	  

The compilation of N - Chll and Rubisco – N relationships (see Section 3.1) focuses on common 205	  

agricultural crops such as wheat, rice, spinach, tobacco, barley, soybean, common bean, maize and 206	  

sorghum. 𝐹!"#, required as input to Eq. 1, is derived from linear regression coefficients (a1 and b1) for 207	  

Rubisco versus N according to: 208	  

𝐹!"#   = 𝑎! + 𝑏! 𝑁 ∙ 0.16 14.0067 ∙ 10!      Eq. 2 209	  

where the fraction 0.16/14.0067 converts from Rubisco protein to N content in mole units 210	  

[molN/gRub]. With this information along with reported values of 𝐾!"#!" , crop-specific 𝑉!"#!" versus Chll 211	  

relationships can be established based on Eq. 1. The results are presented and discussed in Section 3.1. 212	  

 213	  
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2.3. Satellite-based leaf chlorophyll dataset 214	  

 215	  

Satellite-based Chll were retrieved from Landsat time-series data using the Regularized Canopy 216	  

Reflectance (REGFLEC) model as detailed in Houborg et al. (2015) and briefly summarized below. 217	  

REGFLEC represents a canopy radiative transfer model inversion system for translating at-sensor 218	  

radiance observations into maps of Chll and LAI. It does this through use of a fully integrated system of 219	  

leaf optical (PROSPECT; Jacquemoud and Baret, 1990; Feret et al., 2008) and radiative transfer models 220	  

(SAIL: Verhoef, 1984; 6S: Vermote et al., 1997) and careful attention to confounding factors in spectrum-221	  

trait relations (Houborg et al., 2015). Acknowledging that universal vegetation index (VI) relationships do 222	  

not exist, as reflectance spectra depend on complex interactions of many internal and external factors 223	  

(Baret, 1991), REGFLEC attempts to establish a suite of predictive VI relationships, which depend on 224	  

view and illumination geometry, crop class, phenological stage, soil background and atmospheric 225	  

conditions. Given the ill-posed nature of model inversions resulting in non-unique solutions (Combal et 226	  

al., 2002), REGFLEC embeds novel spatio-temporal regularization strategies (i.e. model constraints) and 227	  

image-based ancillary information in an effort to increase the robustness and accuracy of retrieved 228	  

properties, without relying on impractical site-specific calibration. 229	  

 230	  

A total of 30 Landsat-5 TM and Landsat-7 ETM+ images (between DOY 161 and 255) were acquired 231	  

over the studied fields to capture the variability in vegetation states (as described by Chll) over the 232	  

growing seasons for the 2001 – 2005 study period. In preparation for the vegetation retrievals, all scenes 233	  

were first automatically co-registered, resized (the Mead field sites are located in the center of a selected 234	  

scene subset of 1136 x 523 pixels), corrected for cloud contamination and atmospherically corrected 235	  

using spatially distributed information on atmospheric state parameters (e.g. aerosol optical depth, total 236	  

precipitable water and total ozone) acquired from satellite data as detailed in Houborg et al. (2015). Year-237	  

specific land cover maps were generated by REGFLEC based on seasonal differences in phenology, 238	  

inferred from ancillary downscaled MODIS LAI time-series (Houborg et al., 2015) and Cropland Data 239	  

Layer products for Nebraska. LAI and Chll were mapped within the functionally different vegetated land 240	  

cover classes using a suite of relevant VI relationships determined by a multi-step look-up-table based 241	  

inversion approach without local calibration and with attention to spatio-temporal differences in 242	  

confounding (e.g. leaf structure, canopy architecture and soil background) factors. The performance of the 243	  

REGFLEC-based Chll dataset in reproducing the dynamics of the in-situ measured Chll was described by 244	  

a root-mean-square-deviation (RMSD) of 8.42 µg cm-2 and relative RMSD of 19%, demonstrating 245	  

reasonable capacity to reproduce crop-specific seasonal and interannual variability in Chll within irrigated 246	  

and rainfed maize and soybean fields (Houborg et al. 2015). 247	  
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 248	  

For integration into CLM and subsequent validation of simulated GPP against flux tower observations, 249	  

the Landsat-based Chll retrievals were extracted within field-wide rectangles fitted to each site (540 m x 250	  

540 m for all sites) and averaged to produce a single value of Chll for each field. This is consistent with 251	  

the area-weighted averaging approach adopted for the in-situ measurements (Section 2.1). Between 5-7 252	  

Landsat scenes distributed over the growing season were acquired each year, with the retrievals linearly 253	  

interpolated between acquisitions to reproduce daily variability. Satellite retrievals of Chll are highly 254	  

uncertain for sparse vegetative covers, as it is difficult to separate the relatively small leaf contribution 255	  

from the total signal (comprising leaf, canopy and soil contributions) (Houborg et al., 2015). Therefore, 256	  

pixels during the green-up stage with an LAI < 1 (as retrieved by REGFLEC) were assigned the pixel-257	  

corresponding Chll values from the nearest subsequent acquisition with vegetation densities above the 258	  

LAI threshold. 259	  

 260	  

2.4. Community Land Model 261	  

 262	  

The Community Land Model version 4 (CLM4.0; http://www.cesm.ucar.edu/models/ccsm4.0/clm/) was 263	  

used for simulating Gross Primary Productivity (GPP). A detailed description of the significant 264	  

parameterization improvements and advances in process description over its predecessor CLM3.5 (Oleson 265	  

et al., 2008) is provided in Oleson et al. (2010) and Lawrence et al. (2011). Leaf CO2 assimilation is 266	  

modeled using a coupled photosynthesis-stomatal conductance model (see Bonan et al., 2011 for a 267	  

complete list of equations) based on biochemical equations of C3 and C4 photosynthesis (Farquhar et al., 268	  

1980; Collatz et al., 1991; Collatz et al., 1992) and a semi-empirical model of stomatal conductance (Ball 269	  

et al., 1987). In this framework, CO2 uptake is estimated as the minimum of the Rubisco limited, the 270	  

electron transport (light) limited, and the export limited (C3) or PEP-carboxylase limited (C4) rates, which 271	  

are solved separately for sunlit and shaded leaf fractions for canopy integration.  272	  

 273	  

The maximum rate of carboxylation at 25 °C (𝑉!"#!" ) represents a critical input parameter that is 274	  

prescribed for each plant functional type (PFT) based on time-invariant foliage nitrogen concentrations 275	  

and specific leaf areas (Thornton and Zimmermann, 2007). The leaf photosynthetic rates are adjusted for 276	  

nitrogen availability by multiplication of 𝑉!"#!"  with PFT-specific nitrogen availability factors derived 277	  

from a simulation with the CLM carbon-nitrogen (CN) biochemistry model (Bonan et al. 2011). In 278	  

addition, photoperiod-induced seasonality in leaf photosynthetic capacity may be considered by 279	  

multiplication with a day-length factor (Bonan et al., 2011) that allows 𝑉!"#!" to retrieve its theoretical 280	  

maximum on the summer solstice and gradually decline towards autumn (Bauerle et al., 2012; Houborg et 281	  
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al., 2013). The CN biochemistry model can be applied for a fully prognostic treatment of leaf area, 282	  

vegetation and soil carbon pools, and nitrogen available for photosynthesis (Lawrence et al., 2011). 283	  

However, in this study the so-called satellite phenology version (CLM4.0-SP) is utilized with leaf area 284	  

index (LAI) prescribed from observations and 𝑉!"#!"  either determined as mentioned above or derived 285	  

from estimates of leaf chlorophyll (see Section 2.2). 286	  

 287	  

2.4.1. Updated model parameterization scheme 288	  

 289	  

Variations in CO2 assimilation scheme and model parameterization may significantly impact simulations 290	  

of GPP (Chen et al., 2011). Bonan et al. (2011) provided an updated formulation and parameterization of 291	  

the CLM4.0 leaf photosynthesis-conductance model to account for advances since its original 292	  

implementation, including consideration of co-limitation of leaf photosynthetic rates, revised parameters 293	  

for Rubisco kinetics and temperature dependencies and updated formulations of electron transport-294	  

limited, export-limited and C4 photosynthesis. These revisions substantially reduced leaf photosynthetic 295	  

rates in both C3 and C4 plants compared to the original CLM4 parameterization, and improved the 296	  

agreement with observationally based global flux fields upscaled from flux tower data.  We adopt the 297	  

Bonan et al. (2011) refined formulations of the photosynthesis-conductance model, but implement 298	  

additional refinements and parameter updates for specific application to soybean (C3) and maize (C4) 299	  

plants (Table A1) based on a literature synthesis as detailed in Appendix A.  300	  

 301	  

2.4.2. Model setup and validation 302	  

 303	  

In this study, single-point simulations of GPP were performed using the CLM with the revised 304	  

parameterization scheme, forced with tower-based meteorology (solar radiation, air temperature and 305	  

humidity, wind speed, precipitation, surface pressure) and in-situ based LAI. CLM was run with a fixed 306	  

𝑉!"#!"  (57 µmol m-2 s-1) and with 𝑉!"#!"  prescribed by Chll (Fig. 3) using both in-situ (Section 2.1) and 307	  

satellite-based Chll datasets (Section 2.3). The fixed value of 𝑉!"#!"  used here for both maize and soybean 308	  

corresponds to the assigned CLM PFT-specific (crop) value not adjusted for N limitation (Bonan et al., 309	  

2011), which approximately represents the midpoint of parameter values used across a wide range of 310	  

TBMs (Rogers, 2014).  311	  

 312	  

While REGFLEC also outputs LAI, the in-situ based and destructively sampled LAI record was used in 313	  

this analysis as it provides an accurate estimate of the true LAI at the studied fields and a stronger basis 314	  

for evaluating the specific utility of Chll as a proxy for photosynthetic capacity. Although CLM allows for 315	  
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photoperiod-induced seasonality in 𝑉!"#!"  based on a daylength factor, this option was not invoked in these 316	  

analyses. Houborg et al. (2013) reported a minimal impact of this seasonal adjustment over a maize 317	  

growing season in Maryland, USA and argued that a more refined methodology should be implemented 318	  

to realistically account for photoperiod associated declines in photosynthetic capacity. 319	  

 320	  

Hourly simulations of GPP were validated against flux tower observations by bin-averaging the data by 321	  

hour over segmented series of 5 days. This is a common approach (Baldocchi et al., 2000), which serves 322	  

to reduce the random measurement errors associated with the carbon flux observations (Moncrieff et al., 323	  

1996). Model performance was assessed using the Mean Bias Error (MBE), the Root-Mean-Square-324	  

Deviation (RSMD), the coefficient of determination (r2) and the coefficient of efficiency (E). r2 is a 325	  

traditional correlation-based metric to evaluate the goodness-of-fit of the model and it describes the 326	  

proportion of the observed variance that can be explained by the model. E has been described as an 327	  

improvement over r2 (Legates and McCabe, 1999) and varies from 1 (perfect fit) to -∞, where negative 328	  

values indicate that the observed mean is a better predictor than the model. 329	  

 330	  

3. Results and Discussion 331	  

3.1. 𝐂𝐡𝐥𝒍 −   𝐕𝐦𝐚𝐱𝟐𝟓  relationships 332	  

Fig. 2a and 2b depict linear relationships between Chll and N reported in the literature for C3 and C4 333	  

species over different ranges of Chll. The C3 data represent a compilation of data for wheat, rice, spinach, 334	  

tobacco, barley, soybean and common bean (Evans, 1989; Maekawa and Kokubun, 2005; O’Neill et al., 335	  

1984; Seemann et al., 1987; Sudo et al., 2003; Theobald et al., 1998; Yamori et al., 2011). The two 336	  

parameters are highly correlated, with values of r2 ranging from 0.75 to 0.94 (Fig. 2a). Although 337	  

significant differences in the slope and y-intercept of individual relationships are evident, the scattered 338	  

points (each relationship is represented by three points; two at the extremes (min and max) and one at the 339	  

midpoint of the Chll range) can be reasonably approximated by a single regression with an r2 of 0.91 and a 340	  

relative root-mean-square-deviation (RMSD) of 16 % (Fig. 2a and Table 1). Robust linear relationships 341	  

between Chll and N (r2 = 0.66 – 0.98) are also observed for C4 species (Fig. 2b) including grasses, weeds,  342	  
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Fig. 2.  (a) Linear regressions and observed ranges of leaf nitrogen versus leaf chlorophyll for various C3 
species compiled from the literature. The goodness of fit (r2) as reported in the source is provided for each 
regression. The regression coefficients of the linear model (thick black line) fitted to the scattered points 
(each relationship is represented by three points; one at each of the extremes and one at the midpoint of the 
Chll range) are given in Table 1. aEvans 1989; bTheobald et al., 1998; cSudo 2003; dYamori et al., 2011; 
eO’Neill et al., 1984; fMaekawa and Kokubun 2005; gSeeman et al., 1987. (b) Similar to (a) but for C4 
species. aGhannoum et al., 2005; bSage et al., 1987; cOsaki et al., 1995; dSchlemmer et al., 2013; eZhao et 
al., 2003; fZhao et al., 2005. 

Fig. 3. (a) Linear regressions and observed ranges of leaf nitrogen versus Rubisco for various C3 
species compiled from the literature. The goodness of fit (r2) as reported in the source is provided for 
each regression. The regression coefficients of the linear model fitted to the scattered points are given 
in Table 1. The resulting % of leaf nitrogen in Rubisco (FLNR) is depicted on the secondary axis. 
aTheobald et al., 1998; bSudo, 2003; cYamori et al., 2011; dEvans 1986; eMaekawa and Kokubun, 
2005; fSeemann et al., 1987. (b) Similar to (a) but for C4 species. aOsaki et al., 1995; bGhannoum et al., 
2005; cSage et al., 1987; dMakino et al., 2003; eSchmidt and Edwards, 1981. 
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Table 1. Linear regression coefficients (y = ax + b) for Rubisco (Rub) versus leaf nitrogen (N) and N 344	  
versus leaf chlorophyll (Chll) for C3 and C4 plant species obtained from the fitted line based on a literature 345	  
review (Fig. 2 and 3). Regression coefficients for 𝑉!"#!"  versus Chll were derived based on Eq. 1 and 346	  
depends on 𝐾!"#!"  specification (Table 1). Rub is in [g m-2], N is in [mmolN m-2], Chll is in [µmolchl m-2] and 347	  
𝑉!"#!"  is in [µmolCO2 m-2 s-1], except where otherwise noted. In the transformation for calculating FLNR, the 348	  
fraction 0.16/14.0067 converts from Rubisco protein to N content in mole units [molN gRub

-1]. The 349	  
conversion of chlorophyll units from [µmolchl m-2] to [µgchl cm-2] was performed by multiplication with 350	  
the molecular mass of Chl (~896.8 µg µmol-1 assuming a chlorophyll a/b ratio of 3.3; Makino et al., 2003) 351	  
and division by 104. 352	  

 353	  

 354	  

 355	  

 356	  

 357	  

 358	  

 359	  

 360	  

 361	  

Table 2. Mean and standard deviations among reported values of the catalytic Rubisco turnover rate at 362	  
25°C (𝐾!"#!" ) for important agricultural crops. If not originally reported at 25°C, the values were 363	  
normalized to 25°C assuming an energy of activation of 61 and 56 KJ mol-1, representing group averages 364	  
from a variety of C3 and C4 plants, respectively (Sage 2002) (i.e. 365	  
𝐾!"#!" = 𝐾!"#!" 𝑒𝑥𝑝 𝐸 𝑇! − 298 298𝑅!"#𝑇! , where Tl is leaf temperature (°K) and Rgas is the universal 366	  
gas constant (8.3143 units) 367	  

 a (slope) b (y-intercept) 
N versus Chll (N = aChll + b) 

C3 0.2143 [mmolN µmolchl
-1] 9.417 [mmolN m-2] 

C4 0.2139 [mmolN µmolchl
-1] 0 

Rubisco versus N (Rub = aN + b)	     
C3 2.527e-2 [gRub mmolN

-1] -0.587 [gRub m-2] 
C4 8.010e-3 [gRub mmolN

-1] -0.100 [gRub m-2] 
𝐹!"# = 𝑎 + 𝑏 𝑁 ⋅ 0.16 14.0067 ⋅ 10!  

 
 𝑉!"#!"  versus Chll (𝑉!"#!"  = aChll + b) 

C3 (Chll in [µmol m-2])	   7.878e-2⋅ 𝐾!"#!"  [µmolCO2 µmolChl
-1] -5.074⋅ 𝐾!"#!"  [µmolCO2 m-2 s-1] 

C3 (Chll in [µg cm-2]) 8.776e-1⋅ 𝐾!"#!"  [µmolCO2 µgChl
-1] -5.074⋅ 𝐾!"#!"  [µmolCO2 m-2 s-1] 

C4 (Chll in [µmol m-2]) 2.492e-2⋅ 𝐾!"#!"  [µmolCO2 µmolChl
-1] -1.454⋅ 𝐾!"#!"  [µmolCO2 m-2 s-1] 

C4 (Chll in [µg cm-2]) 2.779e-1⋅ 𝐾!"#!"  [µmolCO2 µgChl
-1] -1.454⋅ 𝐾!"#!"  [µmolCO2 m-2 s-1] 

Plant species 𝐾!"#!"  (s-1) Sources 
C3 plants   

Soybean 1.99 ± 0.05 Seemann et al. (1984), Vu et al. (1997), Reid et al. (1997) 
Common bean 2.26 ± 0.53 Seemann et al. (1984), Sharkey et al. (1991), Sage et al. (1990) 
Cotton 2.01 ± 0.33 Seemann et al. (1984), Sage (2002) 

Rice 1.82 ± 0.18 Sage (2002), Vu et al. (1997), Makino et al. (1994), Ishikawa et al. (2011), Makino et 
al. (1988), Morita et al. (2014) 

Wheat 3.01 ± 0.43 Sicher and Bunce (1997), Rintamaki et al. (1988), Theobald et al. (1998), Seemann et 
al. (1984), Cousins et al. (2010), Evans and Seemann (1984), Makino et al. (1988)   

Barley 3.49 ± 0.57 Sicher and Bunce (1997) 
Tobacco 3.21 ± 0.36 Von Caemmerer (2000), Ruuska et al. (1998) 

C4 plants   
Maize 4.04 ± 0.57 Seemann et al. (1984), Kubien et al. (2008), Cousins et al. (2010), Wang et al. (2008) 
Sorghum 4.51 ± 0.59 Seemann et al. (1984), Ishikawa et al. (2011) 
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maize and sorghum (Ghannoum et al., 2005; Osaki et al., 1995; Sage et al., 1987; Schlemmer et al., 2013; 368	  

Zhao et al., 2005, 2003). Similar to the C3 species, the linear combination regression for C4 plants 369	  

describes the variability with an r2 of 0.93 and a relative RMSD of 14 % (Fig. 2b).  370	  

A relationship between Rubisco content and N must be established for deriving 𝐹!"# (Eq. 2), which is 371	  

required as input to Eq. 1. The synthesized relationships for C3 (Fig. 3a) and C4 (Fig. 3b) species 372	  

demonstrate strong linear correlations and the importance of distinguishing species utilizing differing 373	  

photosynthetic pathways; the C4 species have a maximum 𝐹!"# on the order of 8% whereas the C3 species 374	  

have around 3 times as much Rubisco at equivalent N (Fig. 3b). Since the linear Rubisco versus N 375	  

relationship has a negative y-intercept, 𝐹!"# increases with increasing N, which results in a curvilinear 376	  

𝐹!"# response. 377	  

The kinetic constants of Rubisco for C4 species have been shown to differ from those of C3 species 378	  

(Seemann et al., 1984) and a literature review of reported values of the catalytic Rubisco turnover rate at 379	  

25°C (𝐾!"#!" ) for important agricultural crops (Table 2) suggest higher values for C4 species. The higher 380	  

turnover rates are partly compensated for by lower Rubisco contents (Fig. 3). There is also significant 381	  

variation between different C3 species, with plants from cool habitats (e.g. wheat, barley) tending to have 382	  

higher turnover rates than plants from warmer habitats (e.g. soybean, cotton, rice) (Table 2). 𝑉!"#!"  versus 383	  

Chll relationships, established based on the synthesized C3 and C4-specific regression coefficients (Table 384	  

1), are highly dependent upon the specification of 𝐾!"#!"  (Fig. 4). For comparison, the relationship between 385	  

𝑉!"#!"  and N established for C3 crops and based on a dataset of leaf traits and model inversions of the 386	  

maximum photosynthetic rate (Kattge et al., 2009) is also plotted in Fig. 4 using the C3 specific linear 387	  

regression coefficients for converting from Chll to N (Table 1). An obvious difference is the positive 388	  

intercept, which implies a positive carboxylation capacity for zero Chll, whereas the relationships 389	  

resulting from this study predict a zero carboxylation capacity for Chll of approximately 5 µg cm-2 (Fig. 390	  

3). The linear models derived in this study are based on observations covering a wide range in N and Chll 391	  

(Fig. 2), including N values below the physiological range used in Kattge et al. (2009), resulting in a 392	  

better constrained linear model over this range. 393	  

3.2. Field- and satellite-based vegetation time-series data 394	  

 395	  

Model simulations of GPP over maize and soybean were based on the growing season vegetation data 396	  

displayed in Fig. 5 including field measured (a) green LAI (LAIg) and (b) Chll, as well as (c) satellite 397	  

retrieved Chll. The displayed 5-day segmented time-series are based on the field-wide aggregated values 398	  

(Section 2.1 and 2.3) encompassing all available data points from both irrigated (Ne1 and Ne2) and 399	  
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rainfed (Ne3) field sites for five growing seasons (2001 – 2005). The grey area above and below the 400	  

vegetation time-series represents ±1 standard deviation (SD) of the averaged data points. The bulk of the 401	  

data relates to maize, with data available for a total of 11 site-years (i.e. Ne1: 2001 – 2005; Ne2 and Ne3: 402	  

2001, 2003, 2005). Soybean was only cultivated at Ne2 and Ne3 in 2002 and 2004 (i.e. 4 site-years). 403	  

 404	  

The general phenology of LAIg in maize is characterized by a rapid green-up reaching a peak LAIg of ~5 405	  

around DOY 200, followed by a relatively constant LAIg during the reproductive stage before gradually 406	  

declining through the senescence stage. The soybean LAI phenology is different, with a longer green-up 407	  

stage, a lower maximum LAIg (~4) and a more rapid decline during the senescence stage. As a result of 408	  

contrasting leaf structures and functionally different species type (i.e. C3 versus C4), Chll levels in maize 409	  

and soybean are significantly different, as can be seen from the field-based time-series data that record an 410	  

average maize Chll during the reproductive stage on the order of 55-60 µg cm-2, compared to ~30 µg cm-2 411	  

in soybean (Fig. 5b). Chll in both maize and soybean is characterized by a steady decline during the 412	  

senescence stage, dropping to 20 and 12 µg cm-2, respectively (Fig. 5b).  In maize, the high SD (±10.9 µg 413	  

cm-2 on average) is an indication of significant seasonal, inter-annual and inter-field variability caused by 414	  

different environmental conditions, phenology and agricultural management practices. Despite a higher  415	  

Fig. 4. 𝑉!"#!"  versus Chll relationships for important agricultural C3 and C4 crops, established based on 
Eq. 1 using N versus Chll and Rubisco versus N regression coefficients from Table 1 and values of 
𝐾!"#!"  from Table 2. Also shown is the 𝑉!"#!"  - N relationship reported for C3 crops in aKattge et al. 
(2009). 
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 416	  

Fig. 5. Site (Ne1, Ne2, Ne3) and year (2001 – 2005) averaged time-series of the available in-situ 
measured (a) green LAI and (b) Chll and satellite retrieved (c) Chll for maize and soybean fields at 
Mead, Nebraska. The grey area represent ±1 standard deviation of the data and reflects the degree of 
intra and inter-field variability over the five year period (2001 – 2005). Note that the maize and 
soybean time-series were based on a total of 11 (Ne1: 2001 – 2005; Ne2 and Ne3: 2001, 2003, 2005) 
and 4 (Ne2 and Ne3: 2002, 2004) site-years, respectively, except that in-situ Chll was not available in 
2004 (Ne2 and Ne3). In (b) and (c) the resulting values of 𝑉!"#!"  calculated from the averaged Chll 
time-series (see Table 1) are plotted on the secondary y-axis. (b) and (c) plot the field-averaged Chll 
encompassing both green and senescent leaf material. 
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frequency of the in-situ samplings (twice a week) compared to the satellite retrievals (5 – 7 acquisitions 417	  

per growing season), the seasonal trends and magnitudes of the satellite-based Chll are similar to the in-418	  

situ records for both maize and soybean (Fig. 5c), although the SD of the satellite-based Chll data in 419	  

maize is substantially lower (6.4 µg cm-2). 420	  

 421	  

Despite significant differences in Chll levels in maize and soybean, values of 𝑉!"#!"  calculated from the 422	  

synthesized Chll time-series data using the derived regression coefficients specific to maize and soybean 423	  

(Fig. 3), are characterized by similar ranges varying from 15 – 62  µmol m-2 s-1 and 10 – 58 µmol m-2 s-1, 424	  

respectively for the field measured data (Fig. 5b) and from 35 – 59  µmol m-2 s-1 and 27 – 56 µmol m-2 s-1, 425	  

respectively for the satellite-based data (Fig. 5c). The maximum 𝑉!"#!"  values are close to the fixed value 426	  

of 𝑉!"#!"  adopted for cropland in the CLM (57 µmol m-2 s-1; not adjusted for N availability). 427	  

 428	  

3.3. Model sensitivity to changes in 𝑽𝒎𝒂𝒙 and parameterizations 429	  

 430	  

Physical realism is a key requirement of TBMs in order to reliably model GPP. However, improved 431	  

process understanding and descriptions typically contributed to increased model complexity. The 432	  

potential downside of enhanced complexity is the inherent uncertainty associated with specifying the 433	  

typically large number of model parameters with acceptable accuracy.  434	  

 435	  

Fig. 6 compares simulations of GPP based on the model parameterizations used in Bonan et al. (2011) 436	  

(S1) to model simulations using the updated parameterization scheme (S2) (see Table A1 for a complete 437	  

list of model parameters used in the two schemes). Hourly simulations were generated from model runs 438	  

over the 2002 maize and soybean growing seasons and subsequently bin-averaged by hour to produce a 439	  

single diurnal curve of GPP, which is representative of a wide range of environmental and phenological 440	  

conditions. For the same 𝑉!"#!"  specification (i.e. 50 µmol m-2 s-1), the S1 simulations overestimate the S2 441	  

simulations (maize) during midday with approximately 9 µmol m-2 s-1 (Fig. 6a), corresponding to ~20%. 442	  

This difference is largely attributed to 1) the modeling of the light-limited rate for C4 plants in S1 as a 443	  

function of the quantum yield with no maximum limit, instead of making it dependent on the electron 444	  

transport rate (S2) (Appendix A) and 2) the adopted parameter values for the quantum yields and potential 445	  

rate of electron transport (Table A1). Large discrepancies occur in the GPP estimates between S1 and S2 446	  

in soybean (Fig. 6a). The high temperature inhibition functions adopted in S1 initiates thermal breakdown 447	  

of metabolic processes above approximately 30°C, which causes significant reductions in GPP during the 448	  

midday hours (Fig. 6a). These tendencies are not supported by the observed GPP as evidenced by an r2 of 449	  

0.78 compared to 0.95 based on S2 model simulations that assume an optimum temperature of 𝑉!"# of  450	  
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41.9°C (Appendix A). If the high temperature stress functions are disabled in S1 (i.e. S1*), agreement 451	  

with the observations improve considerably (r2 = 0.93) and the S1 estimates become more comparable to 452	  

the S2 estimates (Fig. 6a). This suggests a high adaptation ability of soybean to high temperatures. 453	  

Clearly, the type and form of the temperature response functions are critically important and models 454	  

Fig. 6. (a) Model simulations of GPP parameterized according to Bonan et al. (2011) (S1) and the 
revised scheme from this study (S2). Hourly simulations over the full duration of the 2002 growing 
season have been bin-averaged by hour. (b) Sensitivity of GPP to variations in Vmax displaying the % 
change in GPP from the base run (Vmax = 50 µmol m-2 s-1).  
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should be parameterized to better account for significant variations in the temperature responses of 455	  

photosynthetic capacities between plants at leaf temperatures above 30°C (Leuning, 2002). 456	  

 457	  

Additional CLM model runs were undertaken with input of different 𝑉!"#!"  values (i.e. 10, 30, 50, 70, 90 458	  

for S2 and 30, 50, 70 for S1) to assess the sensitivity of GPP to variations in the leaf photosynthetic 459	  

capacity. For S2, the diurnal GPP levels resulting from the five different 𝑉!"#!"  inputs are reported in Fig. 460	  

6a, with Fig. 6b showing the corresponding % change in GPP from the nominal run (𝑉!"#!" =50 µmol m-2 s-461	  
1). Changing 𝑉!"#!"  from 50 to 70 µmol m-2 s-1 translates to a 21% (maize) and 24% (soybean) increase in 462	  

GPP at noon, whereas a decrease from 50 to 30 µmol m-2 s-1 causes a 26% (maize) and 31% (soybean) 463	  

reduction in GPP at noon (Fig. 6b). As expected, the strongest impact of 𝑉!"#!"  occurs during the midday 464	  

hours when irradiance is high and photosynthesis is primarily limited by the Rubisco capacity (von 465	  

Caemmerer, 2000).  466	  

 467	  

The sensitivity results using S2 highlight the critical need for appropriate specification of 𝑉!"#!"  in order to 468	  

reduce uncertainties of model predicted GPP (Rogers, 2014; Zaehle, 2005). Interestingly, the sensitivity 469	  

results based on S1 suggest significantly reduced model sensitivity to ±20 µmol m-2 s-1 variations in 470	  

𝑉!"#!" in maize (Fig. 6b). As mentioned above, the calculation of C4 photosynthesis differs between the two 471	  

parameterization schemes and whereas 𝑉!"#!"  directly controls light-limited assimilation in S2 through the 472	  

potential rate of electron transport (Appendix A), the quantum yield, which is parameterized 473	  

independently of  𝑉!"#!" , is the dominant control in S1. Thus depending on the value used for the quantum 474	  

yield (0.05 mol mol-1 used here) and the degree of co-limitation imposed between light-limited and 475	  

Rubisco-limited CO2 assimilation (Houborg et al., 2009), the impact of 𝑉!"#!" variations may be 476	  

significantly subdued when using S1. 477	  

 478	  

3.4. Leaf chlorophyll constraint on GPP 479	  

 480	  

Fig. 7a displays time-series maps of 𝑉!"#!"  in the vicinity of the Mead study sites during the year 2002, 481	  

derived from Landsat-based Chll retrievals using land cover specific 𝑉!"#!" - Chll relationships. These were 482	  

established on the basis of a semi-mechanistic link between Chll, N, Rubisco and 𝑉!"#!"  and parameterized 483	  

based on an extensive review of the experimental literature (Section 3.1). During 2002, field site Ne1 was 484	  

planted with continuously irrigated maize while sites Ne2 and Ne3 were planted with irrigated and rainfed 485	  

soybean, respectively. Seasonal, intra-field and inter-field variability can be clearly identified, with the 486	  

most significant change occurring between DOY 220 and 252 when the phenological stage shifts from  487	  
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 488	  

Fig. 7.  (a) Maps of 𝑉!"#!"   over the field sites during the 2002 growing season, derived from satellite-
based estimates of Chll using the established regression equations (Table 1). (b) Associated maps of 
green LAI jointly retrieved with Chll as part of the REGFLEC retrieval system. (c) Comparison of flux 
tower observed GPP to single-point simulations of GPP using a fixed 𝑉!"#!"   and 𝑉!"#!"  dictated by 
variations in field-measured and satellite-retrieved Chll. Each diurnal segment represents flux data 
averaged by hour over 5-day intervals. 
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reproductive to senescence (Fig. 5). Fig. 7b displays associated maps of green LAI jointly retrieved with 489	  

Chll as part of the REGFLEC retrieval system. This LAI dataset was not used in the present study, as field 490	  

measured green LAI was used to force the single-point model simulations of GPP at the three field sites. 491	  

However, future applications of CLM will include spatially distributed (satellite-based) inputs of both 492	  

LAI and Chll for facilitating model application over spatial and temporal domains. 493	  

 494	  

Fig. 7c compares hourly 5-day bin-averaged flux tower observed GPP to single-point simulations of GPP 495	  

for maize (Ne1) and soybean (Ne2) during 2002, using a seasonally fixed 𝑉!"#!"  and 𝑉!"#!"  dictated by 496	  

variations in field-measured and satellite-retrieved Chll. In maize, the Chll-based parameterizations of 497	  

𝑉!"#!"  cause a significant increase in the coefficient of determination (r2) relative to using a fixed 𝑉!"#!" . 498	  

Improvements are particularly evident during the late reproductive and senescence stages, where Chll 499	  

gradually declines (Fig. 5 and Fig. 7a) and where the use of a fixed 𝑉!"#!"  leads to substantial model 500	  

overestimations. A similar tendency is evident for soybean in addition to significant overestimation 501	  

during the green-up phase using a fixed 𝑉!"#!" . However, in both maize and soybean, the fixed value of 57 502	  

µmol m-2 s-1 provides an excellent match with observations during most of the reproductive stage (Fig. 503	  

7c). 504	  

 505	  

Fig. 8 synthesizes data from all sites and years and displays the temporal behavior of model performance 506	  

over maize and soybean growing seasons based on quantitative statistical metrics including the mean bias 507	  

error, MBE (Fig. 8a), coefficient of efficiency, E (Fig. 8b) and root-mean-square deviation, RMSD (Fig. 508	  

8c). Time-period specific MBE, E and RMSD were calculated using all available GPP simulations within 509	  

the displayed DOY intervals based on a fixed 𝑉!"#!"  and 𝑉!"#!"  derived from satellite (S) and field-based 510	  

(F) Chll.  511	  

 512	  

The field sites were managed according to best practice, using herbicide and pesticide applications, 513	  

fertilizer and irrigation (except Ne3) for optimizing crop yields and resulting in minimal crop stress due to 514	  

soil moisture and nutrient limitations over the studied years (Verma et al., 2005). As a result, the model 515	  

with a fixed 𝑉!"#!"  performs best during peak LAI in the first half of the reproductive stage, whereas the 516	  

late reproductive and senescence stage is where the largest effect of the Chll constraint on GPP in both 517	  

maize and soybean (Fig. 8) is seen. GPP simulations using a fixed 𝑉!"#!"  substantially overestimate 518	  

observations during this period, with the MBE and RMSD in maize and soybean reaching peak values of 519	  

6.5 and 9.3 µmol m-2 s-1 and 5 and 5.1 µmol m-2 s-1, respectively. In addition, E drops markedly to levels 520	  

close to zero (Fig. 8b), suggesting that the observed mean is as good a predictor as the model (Legates 521	  

and McCabe, 1999). Simulations constrained by Chll (either satellite or field-based) on the other hand, 522	  
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maintain high values of E (~0.7 to 0.9) through the senescence stage, and the MBEs and RMSDs are 523	  

comparatively low, particularly in maize between DOY 220 and 270 (Fig. 8a and c). 524	  

 525	  

 526	  

Fig. 8. Compilation of CO2 flux data from all sites and years, displaying temporal behaviour of model 
performance within periods of 10 to 20 days in terms of the (a) mean bias error (MBE), (b) coefficient 
of efficiency (E) and (c) root-mean-square-deviation (RMSD).  
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Table 3. Quantitative statistic measures of the overall performance of CLM in estimating daytime hourly 527	  
GPP over the full growing seasons for maize when using 𝑉!"#!"  fixed at 57 µmol m-2 s-1 and 𝑉!"#!"  dictated 528	  
by variations in satellite and field measured Chll. N is the number of samples, O is the mean of the flux 529	  
tower observations, RMSD is the root-mean-square difference between model estimates and 530	  
measurements, MBE is the mean bias error (if positive the model overestimates measurements), r2 is the 531	  
coefficient of determination, and E is the coefficient of efficiency. The upper and lower 95% confidence 532	  
levels are given for the fixed 𝑉!"#!! results. On the basis of these, bolded figures indicates a significant 533	  
increase in r2 relative to the 𝑉!"#!" =57 runs at the 5% significance level. O, RMSD and MBE have units of 534	  
µmol m-2 s-1. 535	  

Simulation (maize) N O MBE RMSD r2 E 
Satellite-based Chll      
𝑉!"#!" =57 2739 26.6 2.85 5.30 0.942 (0.937-0.946) 

 
 
 
 
 
 
 
 
0 

0.91 
𝑉!"#!" =f(Chll) 2739 26.6 1.66 4.38 0.952 0.94 
Field measured Chll      
𝑉!"#!" =57 3151 24.6 3.06 5.68 0.931 (0.926-0.935) 0.89 
𝑉!"#!" =f(Chll) 3151 24.6 1.61 4.85 0.943 0.92 

 536	  

Table 4. Like Table 3 but for soybean. 537	  

Simulation (soyb) N O MBE RMSD r2 E 
Satellite-based Chll      
𝑉!"#!" =57 831 17.6 1.90 3.68 0.91 (0.90-0.92) 0.87 
𝑉!"#!" =f(Chll) 831 17.6 -0.22 3.18 0.91 0.91 
Field measured Chll      
𝑉!"#!" =57 496 16.1 2.80 4.38 0.90 (0.88-0.91) 0.82 
𝑉!"#!" =f(Chll) 496 16.1 0.00 3.33 0.90 0.90 

 538	  

In terms of overall model performance (over the full multi-year growing seasons), the use of time-series 539	  

Chll data as a proxy for variations in photosynthetic capacity leads to reductions in model bias (Fig. 8a) 540	  

and RMSD (Fig. 8c) and increases in E (Fig. 8b) in both maize and soybean. Improvements in overall 541	  

model performance are most evident for maize, where the increase in r2 relative to the fixed 𝑉!"#!"  run is 542	  

statistically significant at the 5% level for both satellite and field-based Chll (Table 3). Although the r2 543	  

statistics for soybean are not significantly different between the fixed and seasonally variable 𝑉!"#!"  runs, 544	  

the satellite-based Chll constraint results in E increasing from 0.87 to 0.91, a substantial bias reduction 545	  

from 1.9 to -0.22 µmol m-2 s-1 and the RMSD decreasing from 3.68 to 3.18 µmol m-2 s-1 (Table 4), which 546	  

is similar to the performance level obtained using the field measured Chll record (Table 4). In maize, the 547	  

results based on the satellite-retrieved Chll constitute a slight improvement over model runs informed by 548	  

the field-measured Chll data (Table 3 and Fig. 8). This suggests that there is utility of satellite-based Chll 549	  
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as an observational model constraint despite significant challenges associated with the retrieval of leaf 550	  

biochemistry and relatively high retrieval uncertainties (Houborg et al., 2015). 551	  

 552	  

3.5. Potentials and limitations of Chll as a proxy for 𝐕𝐦𝐚𝐱𝟐𝟓  553	  

 554	  

The use of best management practices for optimizing crop yields resulted in optimal field conditions (in 555	  

terms of water and nutrient availability) during most of the green-up and reproductive stage, as reflected 556	  

by relatively constant levels of Chll during this period at the studied fields. Model runs using a seasonally 557	  

fixed value of 𝑉!"#!"  (57) compared favorably against flux observations during the optimal growth 558	  

conditions around peak LAI, but resulted in substantial positive model biases towards the end of the 559	  

growing season. Accordingly, the largest benefit of using Chll as a model constraint on GPP was reported 560	  

during the late reproductive and senescence stages, where reductions in chlorophyll occurred due to leaf 561	  

aging and increasing leaf senescence. Houborg et al. (2013) demonstrated the benefit of using Chll to 562	  

down-regulate 𝑉!"#!"  during a maize growing season exposed to severe environmental conditions and 563	  

resulting in pronounced water and N-limited conditions. Obviously, the value of Chll as a model 564	  

constraint will be maximized in fields exposed to longer periods of temperature, moisture and nutrient 565	  

stress. 566	  

 567	  

Chll was translated into 𝑉!"#!"  for integration into the leaf-photosynthesis-conductance scheme of the CLM 568	  

using crop-specific linear regressions based on an extensive literature review and synthesis. Results 569	  

demonstrated the utility of Chll as a proxy for spatio-temporal variations in leaf photosynthetic capacity in 570	  

irrigated and rainfed maize and soybean fields. TBMs typically assign a single value of 𝑉!"#!"  to each 571	  

broadly defined PFT and at best distinguish between C3 and C4 croplands (Rogers, 2014). However, the 572	  

𝑉!"#!"  - Chll regressions derived in this study indicate a large variability within the C3 cropland PFT (Fig. 573	  

3), primarily as a result of significant variations in reported values of the Rubisco turnover rate (𝐾!"#!" ) 574	  

between species (Table 2), which serves as a key input to the semi-mechanistic equation linking Chll and 575	  

𝑉!"#!"  (Eq. 1). In light of the large sensitivity of modeled GPP to changes in 𝑉!"#!"  (Fig. 6) and significant 576	  

within PFT variability in 𝑉!"#!"  as a result of changes in crop type, photosynthetic pathway and N 577	  

availability (Kattge et al., 2009), the need to constrain this parameter is obvious and the reliability of 578	  

model simulations of GPP in space and time depends heavily on an observationally-based scheme to 579	  

accurately account for these variations in 𝑉!"#!" . 580	  

 581	  
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Chll serves as a strong candidate as an operational proxy for N (Homolová et al., 2013) and thus 𝑉!"#!" , but 582	  

a successful utilization of earth observation-based Chll information within land-surface modeling schemes 583	  

ultimately depends on (1) the validity of established regressions between 𝑉!"#!" , Rubisco enzyme kinetics, 584	  

N, and Chll, (2) the achievable Chll retrieval accuracy and sampling frequency, and (3) the physical 585	  

realism of the modeling scheme and validity of model parameterizations, as further elaborated on below. 586	  

 587	  

The outlined semi-mechanistic formulation assumes strong correlations between N and Chll and between 588	  

Rubisco and N, which were generally observed in the compiled studies on cropland species (r2 ranging 589	  

from 0.69 - 0.98 and 0.67 – 97, respectively). Lower N – Chll correlations have occasionally been 590	  

reported for coniferous canopies and certain shrub, graminoide and herb species (see Homolová et al., 591	  

2013 for a review). While N – Chll and Rubisco – N relationships are species-specific to some extent 592	  

(Fig. 2 and 3), distinguishing between C3 and C4 photosynthetic pathways appear to capture most of the 593	  

variability within the studied cropland species. Another potential source of variation includes interrelated 594	  

features of light environment and leaf dry mass per area during vegetation growth (Hallik et al., 2012; 595	  

Wright et al., 2004), which may significantly alter these correlative relationships, as exemplified by a 596	  

higher Chll to N ratio of plants grown in low light environments (Evans, 1989; Hallik et al., 2009). 597	  

However remote sensors in the visible spectrum only see the top-most canopy layers (Ciganda et al.,, 598	  

2012), predominantly exposed to high irradiances, and the adopted relationships between Chll, N and 599	  

𝑉!"#!"  were established to reflect that. The impact of light acclimation on the vertical profile of 600	  

photosynthetic capacity is often considered in TBMs on the basis of the upper canopy estimate, through 601	  

assumptions on N distribution and allocation within the canopy and division into sunlit and shaded leaf 602	  

components (e.g. de Pury and Farquhar, 1997; Thornton and Zimmermann, 2007). The specification of 603	  

𝐾!"#!"  may represent the largest uncertainty (Rogers, 2014), as a small adjustment in this parameter will 604	  

significantly alter the intercept and slope of the 𝑉!"#!"  - Chll relationship (Table 1). Importantly, the 605	  

compilation of 𝐾!"#!"  values for common agricultural crops (Table 2) indicates that parameterization at the 606	  

broad PFT-level (i.e. C3 and C4) may not be sufficient for capturing the variability between species. While 607	  

uncertainties inevitably exist, the use of Chll for constraining 𝑉!"#!"  provides a physically meaningful 608	  

mechanism for accounting for variations in photosynthetic potentials within and between agricultural 609	  

plant species, thereby reducing some of the large uncertainties associated with the use of prescribed PFT-610	  

specific values. 611	  

 612	  

Despite a relatively high Landsat-based Chll retrieval error (19%) (Section 2.3), the improvement in GPP 613	  

predictability is similar between the two Chll datasets, and the high temporal frequency of the in-situ Chll 614	  

(~3 days) provides no clear advantage over the 5 – 7 Landsat acquisitions available during each growing 615	  
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season (DOY 160 to 260). However, in many situations the average 20-day gap may not be sufficient to 616	  

capture the effect of intermittent moisture and nutrient stress and accurately record the onset and duration 617	  

of stress events and initiation of chlorophyll reductions. Improving the sampling frequency of satellite-618	  

retrieved Chll could prove critical for properly resolving time and space-varying dynamics in leaf 619	  

photosynthetic capacity, and may be achieved by employing a data fusion approach to exploit multi-scale 620	  

and multi-sensor data streams synergistically (Gao et al., 2006; Houborg et al., 2013).  621	  

 622	  

Once operational, the pair of Sentinel-2 satellites will have a revisit capability of 5 days and combined 623	  

with high spatial resolution (10 – 20 m) and bands in the red-edge region with enhanced sensitivity to Chll 624	  

(Clevers and Gitelson, 2013; Dash and Curran, 2007; Shlemmer et al., 2013) are likely to provide an 625	  

enhanced ability to retrieve and monitor short-term variations in plant physiological condition. 626	  

Supplemental estimates of photosynthetic capacity or light-use-efficiency derived from hyperspectral 627	  

reflectance (Hall et al., 2008; Serbin et al., 2012) and chlorophyll fluorescence observations (Joiner et al., 628	  

2014), have the potential to detect photosynthetic down-regulation immediately and diagnose vegetation 629	  

stress before chlorophyll reductions take place. Although this information is not being distributed on a 630	  

routine basis by the existing suite of space satellites, prospective launches of the proposed ESA candidate 631	  

fluorescence explorer (FLEX) and the Hyperspectral Infrared Imager (HyspIRI) missions would enable 632	  

complimentary use of important operational proxies (based on Chll, hyperspectral and chlorophyll 633	  

fluorescence approaches) within a multi-constraint framework, facilitating consistent and time-critical 634	  

information on overall photosynthetic performance in space. 635	  

 636	  

A final obstacle for successful integration and application of Chll information within TBMs depends on 637	  

the validity of adopted model formulations and parameterizations. Currently, there is a lack of consensus 638	  

in adopted values and parameterizations of 𝑉!"#!"  in TBMs (Rogers, 2014), as it tends to function more as 639	  

a tunable model-dependent parameter to compensate for model-specific errors (Bonan et al., 2011). 640	  

However, the use of 𝑉!"#!"  data constrained by space observations (e.g. Chll) or from the growing database 641	  

of plant traits (Kattge et al., 2011), necessitates consistent and physically-realistic formulations of leaf 642	  

photosynthesis, which are well-constrained by data on kinetic constants and temperature dependencies 643	  

from the experimental literature. In this study, an updated parameterization of the CLM leaf 644	  

photosynthesis-conductance model was outlined based on a literature synthesis, and the application of the 645	  

revised scheme was found to be essential for matching modeled and observed fluxes in maize and 646	  

soybean when using Chll as an observational constraint on 𝑉!"#!" . Significant uncertainty remains in the 647	  

specification of optimal and spatially representative model parameters. Further studies are needed to 648	  

arrive at a robust set of PFT-specific parameterizations to use in the TBMs, and the range of PFTs may 649	  
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need to be expanded in order to more accurately represent the dynamics of physiological responses 650	  

between individual species. 651	  

 652	  

4. Conclusions 653	  

 654	  

Results from this study highlight the utility of Chll as an observational indicator of the magnitude and 655	  

seasonal variability in 𝑉!"#!" , which can be used as a key input to TBMs for describing leaf photosynthetic 656	  

capacity. A semi-mechanistic relationship between 𝑉!"#!"  and Chll was carefully parameterized based on 657	  

an extensive literature synthesis and evaluated in fields of maize and soybean, with the provided 658	  

parameterizations allowing for extension to other important agricultural crops. The applicability of the 659	  

established 𝑉!"#!"  - Chll regressions within the leaf photosynthesis schemes of TBMs relies in large part on 660	  

adopted parameterizations of photosynthesis parameters and their temperature dependencies. A robust set 661	  

of PFT-specific parameterizations that are well-constrained by data from the experimental literature will 662	  

be key towards the effective use of 𝑉!"#!"  values constrained by observational data, as outlined in this 663	  

study. 664	  

 665	  

Considering the wide range of values of 𝑉!"#!"  used in TBMs, in addition to potentially large spatio-666	  

temporal variations in response to plant phenology and environmental stressors, there is a critical need for 667	  

an observational constraint on 𝑉!"#!" . The convenience of Chll information in this context comes from the 668	  

typically strong correlation with N and the ability to retrieve Chll directly from satellite-observed 669	  

reflectances by inversion of canopy radiative transfer models (CRTMs). Challenges associated with Chll 670	  

retrieval from space observations can be a limiting factor. Future work will need to focus on further 671	  

development of image-based regularization techniques and the exploitation of multi-sensor data streams 672	  

and enhanced spectral information within physically-realistic CRTMs, in an effort to better discriminate 673	  

contributions from the atmosphere, leaf, canopy and soil and achieve higher estimation accuracies of leaf 674	  

biochemical constituents (Houborg et al., 2015). The combination of Chll information with alternative 675	  

proxies of photosynthetic efficiency (e.g. chlorophyll fluorescence observations), should also be an 676	  

important objective for future research, as it has potential for producing more consistent and time-critical 677	  

information needed to accurately inform models on the dynamics and variations in leaf photosynthetic 678	  

capacity. The development of an observationally-driven scheme for constraining 𝑉!"#!"  in space and time 679	  

is a necessary step towards reducing uncertainties in model predicted GPP across seasons, years and plant 680	  

communities. 681	  

 682	  

 683	  
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Appendix A 702	  

 703	  

Table A1 lists parameterizations of the coupled photosynthesis-conductance model adopted in this study 704	  

and in the study of Bonan et al. (2011). The slope and offset of the stomatal conductance model were 705	  

adjusted to better approximate conditions of the studied plants (Ball, 1988). Leaf absorptance of 706	  

photosynthetically active radiation (PAR) (𝛼!"#) is fixed at 0.84 for crops, but may be more accurately 707	  

estimated as a function of Chll. An exponential relationship between 𝛼!"# and Chll was established 708	  

(supplemental Fig. 1) based on model runs with the PROSPECT leaf optical properties model (Feret et 709	  

al., 2008; Jacquemoud and Baret, 1990), assuming standard ranges for the leaf mesophyll structure (1.0 – 710	  

2.5) and dry matter content (20 - 60 g m-2) and no brown pigments, since only PAR absorbed by 711	  

chlorophyll pigments is used for photosynthesis (Zhang et al., 2005). The corresponding relationship is 712	  

given as 713	  

 714	  

𝛼!"# = 0.917 − 0.555 ⋅ 𝑒𝑥𝑝!!.!"#$⋅!!!!         Eq. A1 715	  

 716	  
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Table A1. List of model parameterizations for the coupled photosynthesis conductance model adopted in 717	  
this study and those used in Bonan et al. (2011). Nomenclature is consistent with that used in Bonan et al. 718	  
(2011). Model equations provided in Bonan et al. (2011) were used unless otherwise noted in the text and 719	  
table footnotes. The leaf temperature (𝑇!) dependencies of photosynthesis parameters were modelled using 720	  
energies of activation (Ea) according to 𝑒𝑥𝑝 𝐸 𝑇! − 298 298𝑅!"#𝑇!  or Q10 according to 𝑄!"

!!!!"# !". 721	  
The formulation of the temperature stress functions are provided in Bonan et al. (2011). 722	  

Quantity ID Units C3 (soybean) C4 (maize) 
This study Bonan et al. This study Bonan et al. 

Ball & Berry slope 𝑚  9.3a 9b 3.2a 4b 

Ball & Berry offset 𝑏 µmol m-2 s-1 8000a 10000b 60000a 40000b 

Maximum rate of carboxylation 𝑉!"#!"  µmol m-2 s-1 57 or 𝑓(𝐶ℎ𝑙) 57 or   𝑓(𝐶ℎ𝑙) 
Potential rate of electron transport 𝐽!"#!"  µmol m-2 s-1   2.0𝑉!"#!" c 2.0𝑉!"#!"  - 

Initial slope of CO2 response curve 𝑘!!" µmol m-2 s-1 - 18000𝑉!"#!" d 20000𝑉!"#!"
b 

Quantum yield of CO2 uptake 𝜀 , molCO2 mol-1 - - 0.05b 

Quantum yield of electron transport 𝜀 molelectrons mol-1 0.85e 0.7f - 
Leaf absorptance (400-700 nm) ∝  𝑓(𝐶ℎ𝑙) 0.84 𝑓(𝐶ℎ𝑙) 0.84 
Triose phosphate utilization 𝑇𝑃𝑈!" µmol m-2 s-1 0.06𝐽!"#!" g - 
Leaf dark respiration 𝑅!!" µmol m-2 s-1 0.015𝑅!!" 0.025𝑅!!" 
Michaelis-Menten constant, CO2 𝐾!!" Pa 40.4h 41j - 
Michaelis-Menten constant, O2 𝐾!!" Pa 24800h 28209j - 
CO2 compensation point Γ*25 Pa 3.69h 4.3j - 
Co-limitation parameter Θ!"  0.98 0.85d 
Co-limitation parameter Θ!"  0.95 0.95d 
Curvature factor Θ!"##  𝑓 𝑇!

i 0.7 𝑓 𝑇!
 i  

Energy of activation for 𝑉!"#  𝐸! KJ mol-1 69.5k 65.33j Q10=2b 

   Energy of deactivation for 𝑉!"# 𝐻! KJ mol-1 200k 149.25c Bonan et al. (2011) limitation 
functions used    Entropy factor for  𝑉!"# ∆𝑆 J mol-1 K-1 629.9k 485c 

Energy of activation for 𝐽!"# 𝐸! KJ mol-1 - 43.54i 77.90l - 
   Optimum temperature (𝐽!"#) 𝑇! °C 38m - - 
   Breath of the peak (𝐽!"#) Ω °C 16.5m - - 
   Energy of deactivation for 𝐽!"# 𝐻! KJ mol-1 - 152.04c 191.929l  
   Entropy factor for 𝐽!"# ∆𝑆 J mol-1 K-1 - 495c 627l  
Energy of activation for 𝑅! 𝐸! KJ mol-1 46.39j 46.39j Q10=2b 

   Energy of deactivation for 𝑅! 𝐻! KJ mol-1 200k 150.65c Bonan et al. (2011) limitation 
functions used    Entropy factor for 𝑅! ∆𝑆 KJ mol-1 K-1 629.9k 490c 

Energy of activation for 𝐾! 𝐸! KJ mol-1 59.4n 79.43j - 
Energy of activation for 𝐾! 𝐸! KJ mol-1 36.0n 36.38j - 
Energy of activation for   Γ∗ 𝐸! KJ mol-1 23.4n 37.83j - 
Energy of activation for 𝑇𝑃𝑈 𝐸! KJ mol-1 53.1o - 
   Energy of deactivation for 𝑇𝑃𝑈 𝐻! KJ mol-1 200k 150.65c - 
   Entropy factor for   𝑇𝑃𝑈 ∆𝑆 J mol-1 K-1 629.9k 490c - 
Energy of activation for 𝐾! 𝐸! KJ mol-1 - Q10=2b 

a Ball 1988; b Sellers et al. (1996a, 1996b); c Leuning (2002); d Collatz et al. (1992); e Evans (1987) see Eq. A4. 723	  



	  
	  

30	  

f  Oberhuber and Edwards (1993); g Wullschleger (1993); h von Caemmerer et al. (1994); j Bernacchi et al. (2001);           724	  
i Bernacchi et al. (2003): 𝛩!"## = 0.85𝑒𝑥𝑝 −0.5 𝑇! − 25.8 14.84

!
+ 𝑇! − 29.2 17.99 !  (Tg=25°C); k Medlyn 725	  

et al. (2002); l Massad et al. (2007); m  June et al. (2004) as reported in Bernacchi et al. (2013): 726	  

𝐽!"# = 𝐽!"#!" !"!!! ! !

!!!!! ! ! ;   
n Farquhar et al. (1980); o Harley et al. (1992). 727	  

For C3 plants, the main parameterization differences relate to adopted Rubisco kinetic parameters and 728	  

temperature functions for photosynthetic parameters. Although the Michaelis-Menten constants of 729	  

Rubisco for CO2 (𝐾!!") and O2 (𝐾!!") and the CO2 compensation point in the absence of day respiration 730	  

are believed to be intrinsic properties of the Rubisco enzyme, reported values vary considerably 731	  

(Bernacchi et al., 2001; von Caemmerer, 2000). Differences in measurement protocol (in-vitro assays 732	  

versus in-vivo gas exchange measurements and assumptions regarding the mesophyll conductance) and 733	  

plants studied, may explain the observed discrepancies (Bernacchi et al., 2002; Caemmerer et al., 1994; 734	  

Walker and Cousins, 2013). The in-vivo estimate of Γ*25 (4.3) determined for tobacco leaves in Bernacchi 735	  

et al. (2001) and adopted by Bonan et al. (2011) lies at the high end of reported values (Badger and 736	  

Collatz, 1977; Medlyn et al., 2002). Tcherkez et al. (2006) reported an inverse correlation between 737	  

Rubisco specificity (𝑆! !) and the catalytic Rubisco turnover rate (𝐾!"#) and the relatively low value of 738	  

𝐾!"#!"  reported for soybean (Table 2) may suggest that a lower value of Γ*25 should be used for applications 739	  

over soybean in order to satisfy the direct inverse relationship between 𝑆! !and Γ∗ (Γ∗ = 0.5 ⋅ 𝑂 𝑆!/!). 740	  

Accordingly, the lower estimate of Γ*25 (3.69) determined in-vivo using gas exchange data and with the 741	  

assumption of an infinite mesophyll conductance (Caemmerer et al., 1994) is adopted here for soybean. 742	  

We assume a more conservative temperature response of Γ∗ (Farquhar et al., 1980) in accordance with 743	  

Jordan and Ogren (1984), Brooks and Farquhar (1985) and Bernacchi et al. (2002). For consistency, 744	  

values of 𝐾!!" and 𝐾!!" are also adopted from von Caemmerer et al. (1994) and activation energies taken 745	  

from Farquhar et al. (1980), which is consistent with data recorded for soybean plants (Laing et al., 1974).  746	  

 747	  

The high temperature stress function used for 𝑉!"# in Bonan et al. (2011) assumes an optimum 748	  

temperature (Topt) of 33°C. However results in Bernacchi et al. (2001) on tobacco plants, do not support 749	  

the addition of a deactivation term at temperatures below 40°C and Houborg et al. (2009) also found 750	  

temperature deactivation below 40°C inappropriate for soybean cultivars. In this study, 𝑉!"#is adjusted 751	  

for different leaf temperatures using energies of activation and deactivation specific to soybean, with a 752	  

Topt of 41.9°C as reported in Medlyn et al. (2002). The temperature response of the potential electron 753	  

transport rate (𝐽!"#) is taken from Bernacchi et al. (2013) following June et al. (2004), who provide 754	  

parameter values specific to soybean.  755	  

 756	  
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Temperature response functions for C4 plants have been much less studied and we maintain the C4 757	  

specific functions (Collatz et al., 1992; Sellers et al., 1996) that account for gradual deactivation at high 758	  

and low temperatures. Bonan et al. (2011) model the light-limited rate (𝑤!) for C4 plants as a function of 759	  

the quantum yield of CO2 uptake (𝜀 ,) multipled by the absorbed photon flux (𝛼!"# ⋅ 𝐼) with no maximum 760	  

limit. However, similar to C3 photosynthesis, it can also be approximated in terms of the electron 761	  

transport rate (Kim et al., 2007; Massad et al., 2007; von Caemmerer, 2000) as: 762	  

 763	  

𝑤! =
!!!
!

𝐽 = !
!
         Eq. A2 764	  

 765	  

when assuming a value of 0.4 for the partitioning factor (x) of electron transport between C3 and C4 766	  

cycles. We model the dependence of 𝑤! on the electron transport rate (J) using a non-rectangular 767	  

hyperbolic function (e.g. Farquhar and Wong, 1984) that incorporates 𝐽!"# and PAR absorbed by 768	  

photosystem II (I2) according to: 769	  

 770	  

𝐽 = 𝐼! + 𝐽!"# − 𝐼! + 𝐽!"# ! − 4Θ!"##𝐼!𝐽!"# 2Θ!"##     Eq. A3 771	  

 772	  

where Θ!"## represents a curvature factor and I2 may be expressed in terms of the maximum 773	  

quantum yield of electron transport (𝜀) (Bernacchi et al., 2003) as: 774	  

 775	  

𝐼! = 𝐼 ⋅ 𝛼!"# ⋅ 𝜀 ⋅ 0.5         Eq. A4 776	  

 777	  

Here, I is the incident radiation and the multiplication with 0.5 is because photosystem II absorbs half the 778	  

available energy (von Caemmerer, 2000). 𝜀 is commonly expressed as 1 − 𝑓 (e.g. von Caemmerer, 2000; 779	  

De Pury and Farquhar, 1997), where 𝑓 is a spectral correction factor typically assigned a value of 0.15 for 780	  

C3 plants (Evans, 1987) and the resulting value of 𝜀 (0.85) adopted here (Table A1) is consistent with 781	  

other studies on C3 plants (Bernacchi et al., 2003; Long et al., 1993; Oberhuber and Edwards, 1993). 𝜀 782	  

tends to be lower for C4 plants and we adopt a value of 0.75 as recorded for maize (Krall and Edwards, 783	  

1990; Oberhuber and Edwards, 1993). The curvature factor (Θ!"##) is most often assigned a fixed value of 784	  

0.7 (Evans, 1989) but is prescribed here as a function of leaf and growth temperature (=25°C) according 785	  

to Bernacchi et al. (2003) (Table A1). 786	  

 787	  

In C3 species, 𝑉!"# and 𝐽!"# have been shown to be tightly coupled with reported 𝐽!"#!" 𝑉!"#!"  ratios on 788	  

the order of 2 (Kattge et al., 2007; Leuning, 2002; Wohlfahrt et al., 1999). The relationship between these 789	  
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two component processes has not been investigated for C4 species and therefore assumes the same ratio 790	  

for C4 species. The coupling of 𝐽!"#!"  with 𝑉!"#!"  serves as a convenient mechanism for facilitating Chll 791	  

constraint on the light-limited rate (Houborg et al., 2013). The temperature dependence of 𝐽!"# typically 792	  

differs from that of 𝑉!"# (Leuning, 2002), although investigations with C4 plants are limited. Here we 793	  

assume energies of activation and deactivation derived by Massad et al. (2007) based on leaf gas 794	  

exchange measurements on maize plants. The effect of the updated parameterization scheme on the 795	  

simulation of GPP, and the sensitivity of the model to changes in 𝑉!"#!"  are evaluated in Section 3.2. 796	  
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