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Abstract.  

Surface ozone (O3) pollution threatens global crop production, and future projections indicate severe risks to regional food 

security under worsening air pollution. Concurrently, rising atmospheric carbon dioxide (CO2) can partially offset ozone 

damage by stimulating carbon assimilation and reducing stomatal ozone uptake. Here, a process-based crop module is 

integrated into the offline Terrestrial Ecosystem Model in R (TEMIR), enabling simulations of crop growth and yield under 20 

varying CO2 and ozone concentrations at site to global scales. We describe the module structure, evaluate performance against 

benchmark flux-tower observations for maize and soybean, and calibrate ozone damage parameters using gas-exchange data 

from field elevated CO2 or ozone fumigation experiments. For soybean, with ozone damage parameters calibrated using 

SoyFACE data, TEMIR reproduces ozone-induced relative yield loss with a mean error of 5 percentage points, substantially 

improving upon uncalibrated simulations (30 percentage points error), with photosynthetic declines closely mirroring yield 25 

reductions. In contrast for maize, simulations with parameters calibrated to leaf-level gas exchange overestimate relative 

biomass loss by 30 percentage points at 100 ppb ozone. Reconciling simulated biomass with observations requires reducing 

photosynthetic ozone sensitivity by 66–75%, demonstrating that maize biomass and yield are buffered against leaf-level 

photosynthetic impairment. These divergent responses across maize and soybean indicate that modelers must select ozone-

sensitivity parameters aligned with specific research objectives (e.g., yield estimation versus carbon- and water-flux 30 

assessments). Ultimately, the TEMIR crop module enables comprehensive assessments of agricultural impacts across future 

climate and pollution scenarios, particularly in pollution hotspots such as the US, China, and India. By bridging physiological 
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mechanisms and agronomic productivity, this framework provides science-based evidence on the agricultural co-benefits of 

air quality management, advancing climate-resilient food security and Sustainable Development Goals. 

 35 

1 Introduction  

Global food demand is projected to increase by 35–56% by year 2050 relative to year 2010 based on different Shared 

Socioeconomic Pathways (SSPs) (van Dijk et al., 2021). Production of staple crops such as wheat, rice, maize, and soybean 

increased by ~3% per year in the 1970s, and since then the increase had gradually declined to +1.0 to +1.5% annually in the 

2010s (FAO, 2017). To fulfill future food demand, food production has to overcome challenges such as the stagnation of yield 40 

growth and a deteriorating environment for growing crops. Anthropogenic activities have multiple facets influencing future 

food security projections, with positive influences such as technological advancements and negative influences such as land 

degradation impacting crop yields.  

Air pollution, in particular surface ozone (O3) pollution, is one of the largest challenges to future food security. Due to the 

strong oxidizing power of ozone, its uptake by plants can impair photosynthetic activities and thereby induce yield losses (e.g., 45 

Reich, 1987). It is estimated that surface ozone resulted in about 0.2–20% global loss of staple crops on average in year 2005 

– 2014, which is equivalent to an economic loss of $10–63 billion USD in year 2010 (Murray et al., 2024). A similar estimation 

conducted by Feng et al. (2022) suggested that ozone-induced economic yield loss in East Asia alone can reach $63 billion 

USD in late 2010s. Surface ozone concentrations are tightly linked to the emission of ozone precursors including nitrogen 

oxides (NOx = NO2 + NO), carbon monoxide (CO), and volatile organic compounds (VOCs) from anthropogenic activities 50 

and natural sources. The total tropospheric ozone burden is projected to increase from 337 Tg in year 2000 to 395 Tg in year 

2100 under the Representative Concentration Pathway RCP 8.5 (Young et al., 2013). India and China are the two most 

populous countries in the world and therefore also have a large food demand, but at the same time both countries face severe 

challenges in ozone pollution that imposes stress on crop growth. Model simulations conducted by Bhattarai et al. (2024) 

suggested that in the Shared Socioeconomic Pathways (SSPs) SSP3 and SSP5, where the mitigation of climate impacts is 55 

challenging (O’Neill et al., 2017), China (10–20%) and India (25–40%) are regions that have the highest increase in the 

Maximum Daily 8-Hour Average (MDA8) ozone concentration, relative to the baseline at year 2010. Avnery et al. (2011) 

estimated that India and China would each have an additional $1.0 billion USD equivalent loss in crop production in year 2030 

relative to year 2000 due to ozone pollution. Sampedro et al. (2020) suggested that ozone-induced yield loss for staple crops 

in India can be tripled in year 2080 (USD $13.3 billion based on year 2015), relative to that in year 2010 ($4.1 billion USD 60 

based on year 2015).  

Another facet of anthropogenic activities that influences future food production is the continuous emission of CO2 into the 

atmosphere, which has positive effects on crop growth in general. The mean atmospheric CO2 concentration is projected to 

reach ~500 ppm under RCP 4.5, RCP 6, and RCP 8.5 in year 2050, and around 1000 ppm under RCP 8.5 in year 2100, from 
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370 ppm in year 2000 (van Vuuren et al., 2011). Under elevated CO2 concentrations, carboxylation of the photosynthetic 65 

enzyme, Rubisco, occurs more readily and enhances photosynthetic rate, especially for C3 plants such as soybean and wheat. 

For C4 plants like maize, positive effects of elevated CO2 are smaller as CO2 is concentrated first at the mesophyll before 

carboxylation. The carboxylation rate of Rubisco is therefore less dependent on the ambient CO2 concentrations. This has been 

showcased in the studies of CO2 fertilization effects with the Free-air concentration enrichment (FACE), which revealed that 

the saturated photosynthetic rate (Asat) increases by ~40% in C3 species and 0–20% in C4 species at 550 ppm of CO2 relative 70 

to 370 ppm (Ainsworth and Long, 2005). Apart from the direct increase in photosynthetic rate, elevated CO2 reduces stomatal 

conductance (gs) and thus ozone uptake. FACE experiments suggested that gs of both C3 and C4 species is reduced by 20–40% 

under elevated CO2, accompanied by reduced transpiration water loss and enhanced water use efficiency (Ainsworth and Long, 

2005). 

To investigate the joint effects of elevated CO2 and O3 on crop production, we implemented a crop model into the base model 75 

of Terrestrial Ecosystem Model in R (TEMIR) (Tai et al., 2024). TEMIR is an offline vegetation model designed to be input-

compatible with the GEOS-Chem chemical transport model to examine various facets of biosphere-atmosphere interactions. 

For instance, hourly ozone output from GEOS-Chem in different emission scenarios can be readily used in TEMIR to 

investigate the impacts of ozone on vegetation productivity, which is shown in the study of the impacts of ozone changes on 

vegetation productivity via stratospheric aerosol injection (Moch et al., 2023). The newly implemented crop model calculates 80 

vegetation carbon budgets based on phenology. It was first used in a comparison between the ozone-induced yield losses 

estimated with conventional empirically based metrics (e.g., AOT40, POD3) and those simulated by a mechanistic crop model 

(Tai et al., 2021). 

The first aim of this paper is to provide a comprehensive description of the crop model, and to demonstrate its ability to 

simulate maize and soybean growth under a stress-free ambient environment. The model was evaluated against two eddy 85 

covariance measurement sites, which have a set of carbon budget observations such as gross primary production (GPP) and 

biomass. The second aim of this paper is to calibrate a set of ozone damage parameters to simulate ozone damage induced on 

two specific crops, maize and soybean. Two ozone damage schemes were implemented in the base TEMIR model: one is 

based on Sitch et al. (2007) where ozone damage is based on the hourly stomatal ozone uptake flux and parameters were 

calibrated to yield loss observations (e.g., Pleijel et al., 2004); the other is based on Lombardozzi et al. (2012b, 2015) where 90 

damage is based on the long-term cumulative stomatal ozone uptake and parameters were calibrated to gas-exchange rate loss 

observations. These schemes have been used for the assessment of the changes in global terrestrial carbon budgets and 

vegetation-atmosphere coupling under ozone damage, whereby multiple plant species are usually lumped into a single plant 

functional group such as C3 grasses for simplicity (Sadiq et al., 2017; Oliver et al., 2018; Zhou et al., 2018; Franz and Zaehle, 

2021; Zhu et al., 2022). Therefore, calibration of ozone sensitivity parameters of individual staple crops enables a more precise 95 

assessment of both local- and global-scale yield loss. 

This work evolves TEMIR into a dual-purpose ecosystem and agriculture assessment platform, allowing the evaluation of 

ecosystem services from both natural vegetation and agroecosystems affected by climate change and environmental pollution. 
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Critically, this framework bypasses the need for computationally expensive, fully coupled Earth system models, which often 

require specialized technical expertise beyond that of stand-alone crop models and chemical transport models. This integrated 100 

capacity is highly relevant to policy assessment related to complex atmospheric management strategies, spanning from 

localized emissions control or land-use change to global climate intervention measures.  

 

 

2 Model description 105 

2.1 TEMIR v1.0 general description 

The complete description of TEMIR v1.0 can be found in Tai et al. (2024). Briefly, it is a standalone, multi-parameterization 

model to simulate important canopy and ecophysiological processes that are relevant for ecosystem exchange and atmospheric 

chemistry. It is designed to have compatible inputs and land surface representation with the GEOS-Chem global chemical 

transport model. Leaf-level photosynthesis and stomatal conductance for C3 and C4 plants are characterized by the Farquhar 110 

Ball-Berry gas exchange model (Farquhar et al., 1980; von Caemmerer and Farquhar, 1981; Collatz et al., 1991, 1992). 

Vegetation canopy is stratified into two layers that make use of direct and diffuse sunlight following Dickinson (1983) and 

Sellers (1985). The amount of sunlight absorbed by the two layers of canopy depends on prescribed bio-physiological 

properties of plants such as canopy light extinction coefficient and leaf radiation reflectance, similar to the implementation of 

that in the Community Land Model version 4.5 (CLM4.5; Oleson et al., 2013).  115 

 

2.1.1 Water limitation on plant growth and stomatal conductance 

Water stress on plants is represented by the soil water stress factor (βt) that fractionally reduces the leaf-level net photosynthetic 

(A’n) rate and leaf-level stomatal conductance without water stress (g’s) calculated from the Farquhar Ball-Berry gas exchange 

model (Equation 1 and 2). The value of βt is calculated by comparing the soil water matric potential (ψ) with the PFT-specific 120 

matric potential constants at which stomatal closure (ψc) and stomatal opening occur (ψo) to the full extent (Equation 3). By 

default, the soil water matric potential is derived from soil water content (θ) input from reanalysis products (e.g., GMAO,  

2015) or site measurements, together with soil hydraulic properties including the saturated soil matric potential (ψsat), saturated 

soil water content (θsat), as well as the statistical parameter B (Equation 4). Soil hydraulic properties are characterized by soil 

compositions (percentage of sand, slit, clay, and organic matters) and pedotransfer functions (Clapp and Hornberger, 1978; 125 

Cosby et al., 1984; Lawrence and Slater, 2008).  

𝐴𝑛 = 𝐴
′
𝑛 (𝛽𝑡) (1) 

𝑔𝑠 = 𝑔
′
𝑠 
(𝛽𝑡) (2) 
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𝛽𝑡 = {

1 𝜓 > 𝜓𝑜
𝜓−𝜓𝑐

𝜓𝑜−𝜓𝑐
𝜓𝑜 ≥ 𝜓 ≥ 𝜓𝑐

0 𝜓𝑐 > 𝜓

  (3) 

𝜓 = 𝜓𝑠𝑎𝑡 (
𝜃

𝜃𝑠𝑎𝑡
)
−𝐵

 (4) 

 

2.1.2 Parameterization of ozone damage on vegetation 

Ozone damage schemes following Sitch et al. (2007) (hereinafter referred to as ‘Sitch scheme’) and Lombardozzi et al. 2015) 

(hereinafter referred to as ‘Lombardozzi scheme’) are implemented in TEMIR, both of which model ozone damage based on 130 

the hourly effective uptake flux of ozone through the stomata (FO3, in nmol O3 m-2 s-1) (Equation 5): 

𝐹O3 = max(
[O3]

𝑔ah
−1 + 𝑔b

−1 + 𝑘O3𝑔s
−1
− 𝐹crit, 0) (5) 

where [O3] is the hourly ground-level ozone concentration (in nmol m-3); gah, gb, gs are the aerodynamic, boundary, and leaf-

level stomatal conductance, respectively;  kO3 = 1.67 is the ratio of the uptake resistance to that for water vapor; Fcrit is a 

statistical parameter (in nmol O3 m-2 s-1) derived from field experiments that represent the critical level of ozone that starts 

damaging plants. 135 

The two schemes differ in the calculation of the ozone impact factor (f) on photosynthesis and stomatal conductance (Equation 

6). In the Sitch scheme, f is calculated with a linear equation with respect to FO3 at every model timestep (hourly), whereas in 

the Lombardozzi scheme f is calculated from the accumulation of the effective uptake of ozone (CUO, in mmol O3 m-2 h-1) 

(Equation 6). In some studies and documents, CUO is denoted as the phytotoxic ozone dose (POD) and the critical ozone level 

Fcrit is denoted by y (e.g., PODy in CLRTAP, 2023). Here we follow the notation CUO used in the Lombardozzi scheme. The 140 

accumulation of CUO starts when crops LAI reach 0.5 and ends when crops are harvested in TEMIR (Lombardozzi et al., 

2012b).   

𝑓 = {
0 ≤ 𝑏Sitch − 𝑎Sitch𝐹O3 ≤ 1

0 ≤ 𝑏Lombardozzi − 𝑎LombardozziCUO ≤ 1
    (6) 

CUO𝑡  =  CUO𝑡−1 + 0.0036𝐹O3 ×max(1, (
LAI𝑡−LAI𝑡−1

LAI𝑡−1
))  for LAI𝑡−1 > 0 (7) 

 

Parameter a is the sensitivity of plant photosynthesis and stomatal conductance to ozone; b is the intercept of the regression. 

0.0036 is the unit conversion factor from nmol O3 m
-2 s-1 to mmol O3 m

-2 h-1 for the accumulation of CUO, and the increment 145 

of CUO is adjusted by the amount of newly grown leaves relative to the amount of old leaves to represent the lack of cumulative 

damage of new leaves (Equation 7). The ozone damage factor f is applied to the leaf-level net photosynthetic rate. In the 
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Lombardozzi scheme, ozone damage decouples photosynthesis and stomatal conductance from the Ball-Berry formulation 

(Equations 8 and 9; Lombardozzi et al., 2012b). Damage factors for stomatal conductance (fgs) and photosynthesis (fAn) are 

both calculated from Equation 6 and 7 but with independently derived statistical parameters aLombardozzi (aLombardozzi_gs and 150 

aLombardozzi_An) and bLombardozzi (bLombardozzi_gs and bLombardozzi_An). In the Sitch scheme, the damage factor f only applies to 

photosynthesis (Equation 8). Stomatal conductance is still coupled to the ozone-damaged photosynthesis rate following the 

Ball-Berry formulation and the value of gs is solved by iterating Equations 5, 6, 8 and the Ball-Berry formulation until variables 

An,O3, fAn, and gs,O3 all converge. 

𝐴n,O3 = 𝐴n(𝑓𝐴n)  (8) 

𝑔s,O3 = 𝑔s(𝑓𝑔s)  (9) 

 155 

Statistical parameters aSitch and bSitch are derived differently in the Lombardozzi scheme and in the Sitch scheme. In the Sitch 

scheme, parameters are calibrated for the relative reduction of biomass or crop yield to the cumulative ozone uptake, as 

described in Pleijel et al. (2004) and Cheesman et al. (2024). The ozone damage factor f is modeled by the hourly effective 

stomatal uptake and therefore follows the variation of hourly O3 concentrations, which does not necessarily match with field 

observations wherein the reduction of photosynthetic rate is more sensitive to the long-term ozone exposure than short-term 160 

exposure (Betzelberger et al., 2012; Yendrek et al., 2017; Choquette et al., 2020). As a result, with the Sitch scheme a model 

can reproduce plant carbon budget on a monthly timescale (e.g., growing season biomass), but not necessarily the carbon 

budget in an hourly timescale (photosynthetic rate). This issue is apparent in the study of Leung et al. (2020), who calibrated 

ozone damage factor parameters based on the Sitch scheme for soybean, finding a good agreement in simulating relative yield 

loss and aboveground biomass under elevated ozone concentrations, but not for the early growing season LAI. The 165 

underestimation of the early growing season LAI hints at an overestimation of ozone damage during the vegetative stage when 

ozone damage is still not apparent. In the Lombardozzi scheme, parameters aLombardozzi and bLombardozzi for both An and gs are 

derived from responses of gas-exchange rates to the cumulative stomatal ozone uptake (Lombardozzi et al., 2012a, 2013). Its 

formulation captures the loss of photosynthetic rate and stomatal conductance to long-term ozone exposure especially for field 

observations from Betzelberger et al. (2012) and Yendrek et al. (2017). Default and calibrated parameters of the Lombardozzi 170 

scheme are shown in Table 1. Details of the calibration of statistical parameters aLombardozzi and bLombardozzi for both An and gs 

are shown in the Supplementary material Section S1.  

 

 

 175 
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Table 1. Key parameters to simulate the effect of O3 on plant photosynthesis and stomatal conductance in the Lombardozzi scheme. 
&Sensitivity values derived based on gas-exchange measurements as intended in Lombardozzi scheme. #Recommended value that is 

calibrated to biomass and crop yield observations instead of gas-exchange measurements, see Section 5.3. 

Parameters (unit) Default (Lombardozzi et al., 2015) Calibrated 

 ‘Crop and grass’  Maize Soybean 

Fcrit (nmol O3 m-2 s-1) 0.8 4 3 

aLombardozzi_An (m2 mmol O3
-1) −0.0009 

−0.085 to −0.124&  

−0.02 ± 0.01# 
−0.022 ± 0.006 

bLombardozzi_An (unitless) 0.8021 1 1 

aLombardozzi_gs (m2 mmol O3
-1) 0 −0.050 ± 0.050 −0.014−0.006

+0.014  

bLombardozzi_gs (unitless) 0.7511 1 1 

 

 180 

2.2 Crop module description in TEMIR v2.0 

In TEMIR version 2.0, a crop module for wheat, maize, and soybean has been implemented to simulate the carbon budget in 

plants after carbon assimilation. The crop module includes sub-modules to calculate plant total respiration, phenology, carbon 

allocation, and vegetation structure that mostly follow those implemented in the CLM4.5 (Drewniak et al., 2013) or the Joint-

UK Land Environment Simulator (JULES) (Osborne et al., 2015). The crop module was used in previous studies (Tai et al., 185 

2021) to simulate the impacts of O3 and CO2 concentrations on relative yield but its performance was not evaluated extensively 

in different major crop production regions. In TEMIR v2.0, various schemes in the crop module have been modified to improve 

its performance. 

2.2.1 Crop phenology 

The crop phenology sub-module determines the timing of sowing, emergence, flowering, and harvesting. Crop sowing can be 190 

prescribed or dynamically simulated, offering flexibility for both present-day simulations and future scenario simulations. For 

present-day simulations, crop planting can be prescribed by crop calendar datasets such as Sacks et al. (2010), or sowing 

records specifically for single-site simulations. In future scenario simulations that involve global warming, a dynamic crop 

calendar can reflect the shifts in sowing and harvesting days driven by projected temperature increases (Mourtzinis et al., 2019; 

Lv et al., 2020). The dynamic crop calendar in TEMIR v2.0 currently follows entirely the implementation in CLM 4.5, and 195 

future improvement of the dynamic crop model can follow for example the study by Reddy et al. (2025). After sowing, the 

phenology of crops is tracked by growing degree days (GDD) and development index (DVI) (Equation 10 and 11). GDD 

represents the cumulative heat units presented in crops, while DVI denotes the growing stage of crops with a normalized index. 

Both variables are updated daily in the model based on the formula: 
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GDD =

{
 
 

 
 
0 for 𝑇2m < 𝑇b
𝑇2m − 𝑇b for 𝑇b ≤ 𝑇2m < 𝑇o

(𝑇o − 𝑇b) (1 −
𝑇2m − 𝑇o
𝑇max − 𝑇o

) for 𝑇o ≤ 𝑇2m < 𝑇max

0 for 𝑇2m ≥ 𝑇max

 (10) 

DVI =

{
  
 

  
 −1 +

GDD

GDDemer
for GDD < GDDemer

GDD − GDDemer
GDDrepr − GDDemer

for GDDemer ≤ GDD < GDDrepr

1 +
GDD− GDDrepr

GDDmat − GDDrepr
) for GDDrepr ≤ GDD < GDDmat

 (11) 

 200 

where T2m is the mean daily air temperature; Tb, To, and Tmax are the base, optimal, and maximum temperatures for crop growth 

respectively. Following the description in JULES-crop (Osborne et al., 2015), DVI values of -1, 0, 1 and 2 denote crop sowing, 

emergence, reaching the reproductive stage (flowering), and reaching physiological maturity respectively. GDD requirements 

for crop emergence, reaching the reproductive stage, and reaching physiological maturity are denoted by GDDemer, GDDrepr, 

and GDDmat respectively. Similar to the crop planting date, the values of GDDmat, GDDrepr, and GDDemer can either be 205 

prescribed or dynamically calculated. Dynamically calculated GDD requirements also currently follow the implementation of 

CLM4.5.  

2.2.2 Respiration and biomass allocation 

The respiration module follows the implementation in CLM 4.5, in which maintenance respiration (MR) and growth respiration 

(GR) are calculated. Maintenance respiration is calculated for every modeled plant component including leaves, stem, root, 210 

and reproductive part following Ryan (1991) (Equation 12). Growth respiration is the additional respiration required when 

plants grow in biomass, which is set to be 30% of the difference between net photosynthetic rate and total maintenance 

respiration for crops (Equation 13). The available carbon for biomass allocation each day (i.e., NPP) is the sum of the hourly 

difference between photosynthetic rate and total plant respiration (Equation 14): 

MR𝑖 =
𝐶𝑖

CNi
𝑘base𝑄

𝑇−20

10             i = leaf, stem, root, repr (12) 

GR = 0.3 × max(0, 𝐴𝑛 −MR)  (13) 

NPP = 𝑚𝑎𝑥(0, ∑ (𝐴𝑛h −MR − GR))  (14) 

where Ci is the carbon content (in gC m-2) in the carbon pool of plant components (leaf, stem, root, and reproductive parts); 215 

CNi is the prescribed C:N ratio of the plant parts following values used in CLM 4.5; kbase is the respiration rate per unit nitrogen 

content at 20°C; Q = 2 is the sensitivity of respiration to temperature; and T (in °C) is the soil temperature at 30 cm depth for 

root maintenance respiration, or the 2 m air temperatures for above-ground biomass maintenance respiration. 
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NPP is allocated to five different carbon pools including leaf, stem, stem reserved for retranslocation, root, and the reproductive 

parts. The fraction of NPP that is allocated to each plant carbon pool (apool) is modeled with logistic equations following 220 

Penning de Vries et al. (1989) and JULES-crop (Osborne et al., 2015; Equation 15 to 20).  

𝑎leaf =
exp(𝛼leaf+𝛽leafDVI)

Δ
             (15) 

𝑎stem =
exp(𝛼stem+𝛽stemDVI)

Δ
𝜏             (16) 

𝑎stem,resv =
exp(𝛼stem+𝛽stemDVI)

Δ
(1 − 𝜏)             (17) 

𝑎root =
exp(𝛼root+𝛽rootDVI)

Δ
             (18) 

𝑎repr =
1

Δ
             (19) 

Δ = 1 + ∑ (exp(𝛼𝑖 + 𝛽𝑖DVI))
leaf,   stem,   root
𝑖     (20) 

where α and β are PFT-specific parameters. The allocation scheme used in TEMIR only considers the effect of phenology. A 

more sophisticated variant of the logistic equations that consider the impacts of water stress, light stress, and nitrogen stress 

on allocation can be implemented following Peng et al. (2018) in the future. Values of α and β for maize and soybean are 

currently adopted from the studies conducted by Williams et al. (2017) and Leung et al. (2020), respectively, who calibrated 225 

the allocation parameters based on the observations at FLUXNET sites US-Ne1 and Ne2.  

 

2.2.3 Leaf senescence, retranslocation of assimilated carbon, and crop yield 

At the late growing stages, leaves senesce and assimilated carbon stored in leaves and stem is transferred to the reproductive 

parts. In CLM 4.5 and JULES-crop, leaf senescence rate is modeled following a first-order decay (CLM 4.5: 0.002 d-1; JULES: 230 

0.05 d-1) of the leaf carbon pool. In TEMIR, the leaf senescence rate is modified following a power regression that can better 

represent the accelerating loss of the overall canopy leaves in crops during the late growing stage (Fig S4). 

𝑑𝐶leaf

𝑑𝑡
= −𝐶leaf(𝑎sen𝑑

𝑏sen)   for DVI ≥ DVIsen             (21) 

where d is the number of days since the start of senescence; asen and bsen are crop-specific senescence parameters derived from 

field observations of normalized LAI and leaf biomass. An increasing senescence rate does not necessarily mean canopy leaves 

at later growing stages have a shorter lifetime than leaves at earlier growing stages, but indicates there is still new grown leaves 235 

to offset the senescence loss during the middle growing stages, which leads to a low loss rate in canopy leaves overall. The 

timing of the initial reduction in canopy leaves (DVIsen) follows the calibrated values used in Williams et al. (2017) and Leung 

et al. (2020). Implementation of the retranslocation scheme and rate also entirely follow that in JULES-crop  

(Osborne et al., 2015; Williams et al., 2017; Leung et al., 2020), in which carbon from senesced leaves and stem reserve 

(Cstem,resv) is transported to the reproductive part (Equation 22). The carbon budget of the reproductive part is contributed by 240 
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three sources, which include the main contribution from NPP allocation, and minor contribution from the retranslocation of 

leaf and stem carbon.  

The final crop yield (Charv, in gC m-2) is a fraction fharv of the carbon in the reproductive part that is consumable content. In 

maize and soybean, fharv is specifically the mass ratio of kernels to the whole ear and beans to the whole pod, respectively. 

The final harvested grain carbon (Charv) is calculated from the carbon content in that fraction (fharv, Equation 23). Values of fharv 245 

for maize and soybean vary with cultivars, which are 70–90% for soybean (Ahmed et al., 2018; Gaspar et al., 2017) and 80–

90% for maize (Halvorson and Johnson, 2009). They serve as uncertainties in harvest biomass observations if the harvest 

method (e.g., grain only, whole pod) is not explicitly specified in the experiment. 

 
𝑑𝐶stem,resv

𝑑𝑡
= −0.1𝐶stem,resv   for 𝑎stem  ≤  0.01 (22) 

𝐶harv  =  𝐶repr(𝑓harv)             (23) 

2.2.4 Vegetation structure 

The vegetation structure module updates LAI, stem area index, and vegetation height daily. LAI is proportional to the amount 250 

of carbon present in the leaf carbon pool, scaled by the specific leaf area (SLA, in m2 gC-1) (Equation 24). In TEMIR, SLA is 

modified from the constant values adopted in CLM4.5 to reflect the responses of plant traits to the environment. Observations 

from Mead FLUXNET sites (Williams et al., 2017; Leung et al., 2020) and several Chinese sites (Li et al., 2023; Zhou et al., 

2020) suggest SLA values for maize and soybean decrease (i.e., leaves become thicker) toward the late growing stages. SLA 

also responds to CO2 and ozone concentrations as well, with decreases in SLA at elevated CO2 (Ainsworth and Long, 2005) 255 

and increases in SLA at elevated O3 (Betzelberger et al., 2012). 

 SLA is calculated following Equation 25:  

LAI = SLA× 𝐶leaf (24) 

SLA = SLAbase × 𝑓phen  × 𝑓CO2 × 𝑓O3  (25) 

𝑓phen =
(DVI + 0.06)𝛿

1.06𝛿
 

(26) 

where SLAbase is the SLA when DVI = 1; fphen is the phenology factor such that it represents the decline in SLA at the late 

growing stages. The expression SLAbase×fphen is identical to SLA in JULES (Leung et al., 2020; Osborne et al., 2015; Williams 

et al., 2017). Two additional expressions fCO2 and fO3 are added to represent the effects of CO2 and O3, respectively, but can be 260 

disabled in the simulations (i.e., fCO2 and fO3
 = 1). 

The calculation of plant height (h, in m) follows the scheme in JULES-crop, in which an allometric equation of stem carbon 

and crop height is established: 

ℎ =  𝜅(𝐶stem)
𝜆   (27) 

Values of all the parameters can be found in Table S2. 
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3 Dataset for model validation and calibration  265 

3.1 Crop growth under ambient environment  

To evaluate the performance of the crop module to simulate crop growth under ambient conditions, FLUXNET site US-Ne2 

and an Indian maize site (IN-Hyd) are selected for model validation. US-Ne2 is an irrigated maize and soybean rotation field 

at Mead, Nebraska, US, dedicated for the study of cropland carbon budget since year 2001. The mean growing season 

temperature at US-Ne2 is around 20 °C. FLUXNET data at the Mead site is a benchmark for the development of land-surface 270 

models and crop models such as JULES (Williams et al., 2017 and Leung et al., 2020) and CLM-APSIM (Peng et al., 2018). 

Growing seasons from the years 2001 to 2007 are evaluated, during which maize and soybeans were planted in odd and even 

years, respectively.  

IN-Hyd is a tropical irrigated maize site located in Hyderabad, Telangana, in southern India. An eddy covariance tower has 

been set up at the site to measure carbon and water budgets, accompanied by ground-based measurements of LAI and biomass. 275 

TEMIR is evaluated against the growing season measurement data in the summer of 2019 from May to September (Karimindla 

et al., 2024), which features a growing season temperature ranging between 30 and 35 °C. Unlike temperate maize sites in the 

midwestern US and western Europe, which have been extensively studied (e.g., Wu et al., 2016; Williams et al., 2017), studies 

on tropical maize plantations with eddy covariance measurements remain scarce. Evaluation of TEMIR against observation 

data at IN-Hyd could provide insights into the applicability of TEMIR in simulating crop growth in diverse environments for 280 

global-scale assessments. 

Eddy covariance measurement data of all FLUXNET sites are included in the FLUXNET2015 dataset (Pastorello et al., 2020). 

Data variable ‘GPP_DT_VUT_MEAN’ serves as the mean observed GPP, while the difference between ‘GPP_DT_VUT_05’ 

and ‘GPP_DT_VUT_95’ represents the uncertainty in GPP observations arising from u* filtering, which constitutes the largest 

uncertainty in carbon budgets at seasonal timescales. The FLUXNET2015 dataset includes LAI and biomass measurement 285 

data for the site US-Ne2, which can indirectly or directly validate intermediate processes of a crop model, such as respiration, 

biomass allocation, and leaf growth. For the site IN-Hyd, which is not included in the FLUXNET2015 dataset, eddy covariance 

data are processed with EddyPro post-processing software (version 7.0.8, LI-COR, USA), then with the R package REddyProc 

to obtain the nighttime-partitioned GPP (Wutzler et al., 2018). The uncertainty of GPP in the site IN-Hyd (~30%) is higher 

than that of the site US-Ne2 (~15%) as only four months of data during maize growing season is available for analysis.  290 

3.2 Field experiments with crop growth under elevated CO2 or O3 concentrations, or in combination 

Elevated CO2 and ozone exposure experiments used for the calibration and evaluation of TEMIR are listed in Table 2. All 

experiments were conducted in the field. Exposure of crops to elevated CO2 and ozone concentrations was achieved with either 

open top chambers or FACE facilities. 
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Three sets of elevated CO2 exposure experiments were selected for this study: Manderscheid et al. (2014) conducted elevated 295 

CO2 exposure experiments for maize at 550 ppm with FACE for two growing seasons; Singh et al. (2023) conducted one 

growing season of elevated CO2 exposure experiments at 700 ppm in conjunction with different ozone concentrations for 

maize with open-top chambers; the SoyFACE project conducted elevated CO2 exposure experiments at 550 ppm for soybean 

in year 2001, 2002, and 2004 to 2006. All of the SoyFACE experiments except the one in year 2001 were also conducted with 

exposure to elevated ozone.  300 

Four sets of elevated ozone exposure experiments were selected for this study: Peng et al. (2020) conducted elevated ozone 

exposure experiments for maize at five concentration levels ranging from 20–100 ppb (10-h mean concentration) in open-top 

chambers; Singh et al. (2023) conducted ozone exposure experiments at three concentration levels ranging from 0–65 ppb in 

conjunction with the elevated CO2 experiments for maize; and two sets of ozone exposure experiments conducted at the 

SoyFACE facility. The first set of SoyFACE experiments was a set of factorial exposure experiments at two ozone levels 305 

(ambient and 125% of ambient) and two CO2 levels (ambient and 550 ppm) in year 2004 to 2006. The second set of SoyFACE 

experiments were conducted at seven levels ranging from ambient (~ 35 ppb) to 200 ppb in years 2009 and 2010. In every set 

of selected ozone exposure experiments, measurements of the saturated photosynthetic rate and stomatal conductance were 

conducted at least twice during a growing season for the calibration of model parameters in the Lombardozzi scheme. Selected 

exposure experiments are from different major crop plantation regions, such that derived parameters are representative for 310 

evaluation at regional and global scales of ozone-induced yield loss. In addition, ozone exposure experiments should be 

conducted in a wide range of ozone concentrations so that derived parameters can cover occasional extreme air pollution events 

with ozone concentrations exceeding 150 ppb. 

 

Table 2. Observational data used for calibration and evaluation of TEMIR v2.0 to simulate maize and soybean growth under elevated 315 
CO2 and O3 concentrations. In the column ‘O3 levels’ are the field experiment labels used in their corresponding references, the 

parentheses include the new labels used in this study, followed by the 10-h mean O3 concentrations during the O3 fumigation period. 

Site (year) Crop CO2 levels O3 levels  Reference 

SoyFACE 

(2001–2002) 

Soybean 

Ambient (aCO2) and elevated 

CO2 (eCO2: 550 ppm) 
/ 

e.g., 

Bernacchi et al. (2005) 

Bernacchi et al. (2006) 

Dermody et al. (2006) 

SoyFACE 

(2004–2006) 
aCO2 and eCO2 (550 ppm) 

Ambient (aO3; ~50 ppb) 

Elevated (eO3; ~70 ppb) 

SoyFACE 

(2009–2010) 
aCO2 9 levels, between 35 and 200 ppb 

Betzelberger et al. 

(2012) 

Manderscheid 

(2007–2008) 
Maize aCO2 and eCO2 (550 ppm) / 

Manderscheid et al. 

(2014) 

Singh  

(2013-2014) 
Maize aCO2 and eCO2 (700 ppm)  

Filtered air (fO3; ~5 ppb) 

Ambient (aO3; ~50 ppb) 

Elevated (eO3; ~65 ppb)  

Singh et al. (2023) 
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Peng  

(2018) 
Maize aCO2 

CF (fO3; ~20 ppb) 

NF (aO3; ~40 ppb) 

NF40 (eO3-lv1; ~65 ppb) 

NF60 (eO3-lv2; ~85 ppb) 

NF80 (eO3-lv3; ~100 ppb) 

Peng et al. (2020) 

4 Model simulations and data analysis 

Simulations for flux tower sites US-Ne2 and IN-Hyd, as well as CO2 or ozone exposure experiments were primarily driven 

with meteorological and land surface measurements at the sites. Input variables that are not available from measurements at 320 

the site are obtained from hourly MERRA-2 meteorological inputs at a 0.625° longitude × 0.5° latitude spatial resolution. The 

complete list of necessary variables to drive the model could be found in Table S5 in Tai et al. (2024). The model CO2 

concentration of a simulation was a constant and was adjusted for growing season years or elevated CO2 exposure experiments. 

Hourly ozone concentration inputs for ozone exposure experiments of SoyFACE were obtained from Aspray et al. (2023), 

whereas in other ozone exposure experiments hourly ozone concentration inputs were derived from long-term (monthly or 325 

whole growing season) 24-h and 10-h mean concentrations reported at those sites. 

Water stress is explicitly simulated in TEMIR v2.0 but can be turned off for irrigated crop simulations. In this study all selected 

sites were well irrigated and it is assumed that all crops do not experience any water stress (βt = 1, Equation 3).  

The nitrogen module of the crop model is currently in development and crops are simulated without experiencing nitrogen 

stress. Crops were well fertilized in all sites selected for this study, and therefore it can be assumed that all crops do not 330 

experience nitrogen stress in the simulations. 

4.1 Simulations of crops at flux tower sites US-Ne2 and IN-Hyd 

Two sets of simulations were conducted for the growing seasons of the flux tower sites US-Ne2 and IN-Hyd. The first set of 

simulations, labeled as Ne2-constrained and Hyd-constrained, were for the evaluation of the performance in simulating plant 

carbon budgets, without the coupling of LAI and GPP, by constraining modeled LAI with observations. Processes that change 335 

plant carbon budget include photosynthesis, respiration, biomass allocation, and senescence. Constraining modeled LAI with 

observations prevents any bias from the modeled GPP from propagating to the calculation of leaf growth, which can 

subsequently feed back to the calculation of canopy-level GPP. In the second set of simulations, labeled as Ne2-freeLAI and 

Hyd-freeLAI, LAI was a free variable and was simulated normally based on crop phenology (Equations 15 and 24). Phenology 

of crops was constrained in both sets of simulations, which was achieved by prescribing the GDD requirements of different 340 

growing stages.  

The performance of TEMIR in simulating flux tower sites is based on absolute agreement with the observed GPP and biomass. 

Model agreements in both aboveground biomass and GPP hint at the performance in simulating crop respiration. To 
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quantitatively evaluate the performance of GPP simulations, statistical metrics presented in Wu et al. (2016) and Tai et al. 

(2024) are used (Table 3). 345 

 

Table 3. Statistical metrics used to evaluate the performance of TEMIR to simulate GPP. 

Metrics Equation Range 

Coefficient of determination (R2) 
𝑅2 = 1−

∑ (𝑀𝑖 −𝑂𝑖)
2

𝑖

∑ (𝑀𝑖 − 𝑂̅)
2

𝑖

 
0 to 1 

Normalized mean error (NME) 
NME =

∑ |𝑀𝑖 − 𝑂𝑖|𝑖

𝑂̅
 

-∞ to +∞ 

Normalized mean bias (NMB) 
NMB =

∑ (𝑀𝑖 −𝑂𝑖)𝑖

𝑂̅
 

-∞ to +∞  

Index of agreement (IOA) 
IOA = 1 −

∑ (𝑀𝑖 − 𝑂𝑖)
2

𝑖

∑ (|𝑀𝑖 − 𝑂̅| + |𝑂𝑖 − 𝑂̅|)
2

𝑖

 
0 to 1 

 

4.2 Simulations of crops at CO2 and O3 exposure experiments 

The performance of TEMIR in simulating exposure experiments is evaluated based on the agreement in the relative changes 350 

in biomass (total, aboveground, and grain) and LAI when crops are exposed to elevated concentrations of CO2 or ozone, 

compared to those grown under ambient conditions. One set of simulations were conducted for the CO2 exposure experiments 

(including co-exposure experiments with ozone) with LAI as a free variable with prescribed phenology, similar to the settings 

of Ne2-freeLAI and Hyd-freeLAI. Multiple sets of simulations were conducted for ozone exposure experiments, including those 

with co-exposure to elevated CO2 concentrations. Six sets of simulations were run for soybean, which included one with ozone 355 

damage turned off (O3_off), one using the default parameters of Lombardozzi scheme (Lom_Def; Table 1), one using the 

damage parameters calibrated based on Sitch scheme (Sitch_Leung; Leung et al., 2020), and three using damage parameters 

with uncertainties calibrated based on Lombardozzi scheme (Lom_Cali; Table 1). 

For maize, a set of simulations with ozone damage turned off (O3_off) and another set of simulations with the default 

parameters of Lombardozzi (Lom_Def; Table 1) were also conducted. Sensitivity simulations were conducted with 360 

aLombardozzi_An values calibrated to relative biomass loss observations, in addition to the intended aLombardozzi_An value that was 

calibrated to observed relative loss of Asat (Peng: −0.085 m2 mmol-1 O3; Singh: −0.124 m2 mmol-1 O3; Fig. S2). Table 4 

summarizes all the simulation sets for the flux tower sites and CO2 and ozone exposure experiments. In some experiments the 

sowing density was not mentioned and biomass was reported on a per-plant basis. Simulations of these experiments assumed 

a typical planting density of 8 m-2 for maize and 35 m-2 for soybean, and the observed biomass was scaled accordingly for 365 

model evaluation.  
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Table 4. Simulation sets for the evaluation of crop growth at flux tower sites and exposure experiments. 

Case name LAI CO2 Ozone damage scheme 

Flux tower sites US-Ne2 and IN-Hyd 

Ne2-constrained 

Hyd-constrained 
Prescribed 

Ambient, adjusted by growing 

season year 
Damage turned off 

Ne2-freeLAI 

Hyd-freeLAI 
Variable 

CO2 exposure experiments (Manderscheid, SoyFACE, and Singh) 

/ (not needed) Variable 
Depends on experiments 

(Ambient or elevated) 

Damage turned off (Manderscheid) 

Lombardozzi, calibrated to Asat (SoyFACE, Singh) 

Soybean O3 exposure experiments (SoyFACE) 

O3_off 

Variable 

Ambient (2009 and 2010) 

Depending on experiments 

(2002, 2004 to 2006) 

Damage turned off 

Lom_Def Lombardozzi, default parameters 

Sitch_Leung Sitch, parameters calibrated by Leung et al. (2020) 

Lom_Cali 
Lombardozzi, calibrated to Asat  

aLombardozzi = −0.022±0.006 m2 mmol-1 O3 (Fig. S1) 

Maize O3 exposure experiments (Peng and Singh) 

O3_off 

Variable 

Depending on experiments Damage turned off 

Lom_Def Depending on experiments Lombardozzi, default parameters 

LomCali_Peng 

(only for Peng) 
Ambient 

Lombardozzi, calibrated to Asat, AGB, and yield 

aLombardozzi range from −0.01 to −0.085 m2 mmol-1 O3 

LomCali_Singh 

(only for Singh) 
Depending on experiments 

Lombardozzi, calibrated to Asat, total BM, and yield 

aLombardozzi range from −0.03 to −0.124 m2 mmol-1 O3 

5 Results and discussion 

5.1 Descriptions and the simulation results of flux tower site US-Ne2 and IN-Hyd 370 

Figure 1 compares the observed and simulated daily GPP when LAI is constrained to observations in Ne2-constrained. The 

model overestimates GPP for maize and underestimates GPP for soybean in general. Values of NMB and NME for maize are 

+26.6% and 30.3%, respectively, whereas those for soybean are −8.4% and 17.4%. R2 and IOA values for maize GPP reach 

0.816 and 0.893, whereas those for soybean are 0.773 and 0.887. Positive bias in maize GPP occurs at the late growing stage, 

which can be partially explained by the lack of parameterization of the decline in photosynthetic capacity on leaf-level when 375 
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crops senesce in the model. Negative bias in soybean occurs during the middle growing stage, which could be related to the 

values of biochemical parameters that are not calibrated to the US-Ne2 site.  

 

 

Figure 1. Observed and modeled daily mean GPP of the simulation case Ne2-constrained, as well as the difference of the two values.  380 

 

Figure 2 illustrates the cumulative bias in GPP and the difference between observed and modeled aboveground biomass. The 

cumulative bias in maize GPP features an increase that is larger than the uncertainty of the observed GPP during the early and 

late growing season. For maize, the model overestimates the growing season GPP by 300–500 gC m–2, which is larger than 

the upper bound uncertainty of the observations of 4–130 gC m-2. The excess modeled GPP leads to overestimation of modeled 385 

aboveground biomass of 125–250 gC m-2 during the late growing stage. Simulated growing season GPP and aboveground 

biomass for soybean agree with observed values within uncertainties in year 2002 and 2004, while in year 2006 the modeled 

GPP underestimates the observed value by 80–320 gC m-2. 
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Figure 2. Difference in the modeled and observed plant carbon budgets (dots: above-ground biomass; lines: cumulative GPP) 390 

of the growing seasons of the US-Ne2 site. Shaded area represents the range of the difference in cumulative GPP calculated 

with FLUXNET GPP products GPP_DT_VUT_05 and GPP_DT_VUT_95. Vertical dashed lines indicate the estimated start 

of the crop reproductive stage. Annotated numbers represent the model and observed cumulative GPP at the end of a growing 

season.  

Time series of the modeled and observed aboveground biomass and crop yield are shown in Figure 3. Modeled above ground 395 

biomass for both maize and soybean agree with the observed values before the late growing stage, which indirectly validates 

the calculation of plant respiration, presuming that the simulated root biomass has reasonable agreement with root biomass in 

the field. Both the observed maize and soybean aboveground biomasses increase steadily in the middle growing season and 

then decline during the late growing stage. The decline in the biomass growth is attributed to both reducing available GPP and 

direct loss of biomass from leaf senescence. In the maize model, the surplus GPP at the late growing stage is mostly allocated 400 

to the reproductive part (i.e., grain), which is reflected by the ~80% or ~ +400 gC m-2 positive bias in the simulated grain 

biomass and an unusually high modeled harvest index of around 0.8. Among the surplus grain biomass of 350–400 gC m-2, 

the surplus aboveground biomass contributes around 250 gC m-2 (Figure 2) while the rest is attributed to carbon retranslocation 

(Equation 22) and the uncertainty in phenology and allocation coefficients (Equation 19).   
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 405 

Figure 3. Observed (dots) and modeled (lines) above-ground and grain biomass in the simulation case Ne2-constrained. 

 

Simulations of LAI and crop height are shown in Figure 4. In Ne2-freeLAI, the peak LAI reaches 8 m2 m-2 for soybean, which 

is 3 m2 m-2 higher than observations. In Ne2-constrained where LAI is constrained to observed values, the equivalent LAI 

derived from leaf carbon (Equation 24) has satisfactory agreement with observations. The high modeled peak LAI in Ne2-410 

freeLAI can be explained by the high initial LAI value at emergence of ~0.07, higher than the measurement values of 0.02–

0.06 recorded one to two weeks after emergence. In addition, the positive feedback of GPP-LAI-photosynthesis can lead to 

excessive canopy growth. Crop height modeled in Ne2-constrained agrees with the observed values during the early- to mid-

growing season, and it is slightly underestimated at the late growing stages. The underestimated crop height and thereby stem 

biomass complement the high bias in modeled grain biomass, indicating the allocation coefficients contribute to the error in 415 

the simulation of crop yield. 
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Figure 4. Observed (dots) and modeled (lines) LAI in the simulation case Ne2-freeLAI modeled with the recorded planting density, 

as well as the crop height and the LAI derived from leaf carbon pool (Equation 24) in the simulation case Ne2-constrained.  

 420 

Figure 5 summarizes the simulation results of the tropical irrigated maize flux tower site IN-Hyd. Compared to maize grown 

at the site US-Ne2, maize at IN-Hyd has a shorter growing season of ~100 days than that at US-Ne2 (~170 days). A shorter 

growing season results in a low observed growing season GPP of about 800 gC m-2, a low maximum growing season LAI of 

3.5 m2 m-2, as well as a low measured aboveground biomass of around 600 gC m-2. In Hyd-constrained where LAI is prescribed 

with observations, values of NMB, NME, R2, and IOA of the simulated daily averaged GPP are +50.6%, 56.0%, 0.307, and 425 

0.586, respectively. These statistical metrics suggest that the performance of the simulation of tropical maize GPP is inferior 

to that of the simulation of maize GPP at the site US-Ne2. The general high bias in the simulated daily average GPP 

accumulates and propagates to the modeled growing season GPP, for which a positive bias of ~50% or 400 gC m-2 is obtained 

(Fig. 5a). Despite the high bias in the simulated GPP, the model aboveground biomass is within 15% or 100 gC m-2 of the 

observed values during the early- and mid-growing season (Fig. 5b). Similar to the simulations of US-Ne2, modeled grain 430 

yield overestimates the observed value by ~80% (~200 gC m-2) (Fig. 5c). In the simulation of crop height and LAI of the site 

IN-Hyd (Fig. 5d), model performance is inferior to that of US-Ne2, as both of the allometric and biomass allocation parameters 

are mainly derived from temperate maize observation data from US-Ne2 and other FLUXNET2015 or AmeriFlux sites. 

Tropical maize is expected to have different allometric relationships and phenology than that of temperate maize, such as the 

preferential allocation toward leaf biomass as well as the delayed timing of leaf senescence (Infante et al., 2018). Nevertheless, 435 

TEMIR can capture the lower maximum LAI as observed in the field compared to the observed maximum LAI at the temperate 

US-Ne2 site.  
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Figure 5. Observed and modeled maize growth at the Indian tropical irrigated site in year 2019. Plots follow Figure 1  to Figure 4, 

which include (a) comparison of the daily GPP; (b) comparison of the cumulative GPP and biomass difference, where the uncertainty 440 
of the GPP measurement is 30%; (c) comparison of the above-ground biomass and harvested yield; and (d) modeled crop height, 

LAI derived from leaf carbon in simulation case Hyd-constrained, as well as the simulated LAI in case Hyd-freeLAI. 

 

The plant carbon budgets of eddy covariance sites can be examined by the NPP:GPP ratio and harvest index (HI). The 

NPP:GPP ratio indicates the amount of assimilated carbon lost from respiration. Typically, the NPP:GPP ratio reduces with 445 

increasing temperature as respiration loss increases with temperature, while photosynthetic rate plateaus and eventually 

declines when temperature reaches ~40 °C (Rotundo et al., 2019; Luo et al., 2025). Using above-ground biomass measurements 

as a proxy for NPP, NPP:GPP ratios for maize at sites US-Ne2 and IN-Hyd are estimated to be 55–61% and ~75%, respectively. 

The NPP:GPP ratio of the site US-Ne2 is similar to that from other eddy covariance (EC) sites with maize plantations in 

temperate regions (44–68%, Table S3), while the NPP:GPP ratio of the site IN-Hyd is ~15 percentage points higher than values 450 

reported where maize was grown under comparatively cooler conditions. The reason for this unusually high NPP:GPP ratio at 

IN-Hyd remained uncertain; however, a systematic negative bias in GPP measurements can reconcile the disparity between 

modeled and measured GPP. EC-derived GPP is calculated through the partitioning of measured net ecosystem exchange 

(NEE) flux, and factors such as energy balance non-closure, partitioning method, low turbulence conditions, etc., can introduce 

systematic biases. In an EC measurement campaign in a southern Indian tropical rice system that has a similar climate to site 455 

IN-Hyd (Oo et al., 2023), the ratio between the harvested biomass (grain and straw) and the EC-derived GPP (i.e., ~NPP:GPP) 

ranged from 57–98% (assuming a 14% moisture content in harvested). The unusually high NPP:GPP obtained from EC-crop 

systems in tropical climates might indicate systematic underestimation of GPP. Modeled NPP:GPP ratios of maize for both 
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US-Ne2 and IN-Hyd range from 0.52–0.55, consistent with the observed NPP:GPP ratio of temperate maize. However, the 

model does not simulate a lower NPP:GPP ratio at IN-Hyd, where the average growing season temperature is 8 °C higher than 460 

that of US-Ne2.   

Observed maize harvest indices from sites US-Ne2 and IN-Hyd range from 0.43–0.54, which agree well with values (0.50–

0.57) determined from other studies (Table S3). Modeled maize harvest indexes range from 0.76–0.80 for both sites US-Ne2 

and IN-Hyd, which are reflected by the high bias in the simulated maize yield. One way to resolve the high bias in the simulated 

crop yield in TEMIR is to use a constant harvest index of 0.5 and modeled aboveground biomass to derive grain yield. With 465 

the uncertainty of the observed harvest indices (20%, or 0.5 ± 0.1) and the relatively low bias in modeled aboveground biomass 

(25%, Figure 3), grain yield derived from aboveground biomass and HI would have a combined uncertainty of ~32%, which 

is much smaller than the bias of the grain yield calculated through NPP allocation and retranslocation (Equations 19 and 22). 

 

5.2 Simulations of crop exposure experiments 470 

5.2.1 Effects of elevated CO2 on biomass and LAI 

Figure 6 compares the modeled and observed relative biomass under exposure to elevated CO2 concentrations, relative to that 

under exposure to ambient CO2 concentrations. No significant change in the aboveground biomass, crop yield, and LAI are 

observed for maize exposed to 550 ppm of CO2 concentration from the Manderscheid dataset, whereas a 5–15% increase in 

biomass and a small increase in LAI of less than 0.25 m2 m-2 at 700 ppm CO2 are observed from the experiments conducted 475 

by Singh et al. (2023) (Figure 7). TEMIR reproduces the insensitivity of maize growth at 550 ppm CO2 relative to the ambient 

CO2 levels, but overestimates relative total biomass and relative crop yield by 25 percentage points and 5 percentage points, 

respectively, for maize growth at 700 ppm CO2. The high bias in simulated relative crop yield is caused by overestimation of 

peak LAI, which then propagates to the modeled plant carbon intake during the crop reproductive stage. The bias in the 

simulated relative total biomass is much less than that for the relative crop yield, as measurements of total biomass were taken 480 

during the mid-growing season (mid-February), when differences in modeled LAI among various ozone and CO2 treatments 

were still small. 

Soybean growth shows a more pronounced positive response to elevated CO2 concentrations at 550 ppm than that of maize, 

as expected for a C3 plant. Observed relative aboveground biomass and crop yield increase by 6–29% and 7–24%, respectively; 

observed LAI increases by ~0.4 m2 m-2 at mid-growing season under the exposure to elevated CO2. TEMIR reproduces the 485 

CO2 fertilization effect on soybean growth, but the impacts are generally exaggerated. Modeled increases in relative biomass 

under the exposure to elevated CO2 range from 20–30%, which can be explained by the high bias in peak LAI of 2 m2 m-2. 

Again, the high bias in LAI propagates to the calculation of plant carbon uptake. 
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 490 

Figure 6. Modeled and observed relative biomass for crops exposed to elevated CO2 concentrations relative to that in ambient CO2 

concentrations. Each model and observation data point represents one growing season and model data points of the Manderscheid 

dataset are overlapped. All biomass measurements were taken near the end of a growing season, except for the total biomass of the 

growing season in the Singh dataset that was taken during the mid-growing season. 

 495 

 

Figure 7. Selected years of modeled and observed LAI for crops grown in different conditions in CO2 exposure experiments.  
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5.2.2 Effects of elevated O3 on biomass and LAI in soybean 

Figure 8 compares the observed and modeled relative biomass at different ozone levels for soybean. For the ozone exposure 500 

experiments in years 2009 and 2010 (Figure 8a), using the parameters calibrated for the Lombardozzi scheme (case Lom_Cali) 

has the best performance in predicting relative yield loss over the default Lombardozzi parameters (Lom_Def) and calibrated 

Sitch parameters (Sitch_Leung). The mean error in simulating relative yield loss in case Lom_Cali is 0.047, while those in 

cases Lom_Def and Sitch_Leung range from 0.25–0.30. In Lom_Def, a high positive relative yield of +35% is obtained when 

ozone damage is turned off, compared to the reference simulation with ambient ozone concentrations.  Modeled relative yield 505 

loss is very insensitive to further increase in ozone exposure, which can be explained by the values of ozone damage parameters 

bLombardozzi_An and aLombardozzi_An in the default Lombardozzi scheme (Table 1). In simulation case Sitch_Leung, results are 

characterized by an insensitive yield loss response when the target ozone level is below 70 ppb, followed by a yield loss 

response that is comparable to the observed values at target ozone concentrations between 70 ppb and 200 ppb (AOT40 > 20 

ppm h). The lack of yield loss response at lower ozone levels is associated with the high Fcrit value of 15 nmol O3 m-2 s-1 510 

calibrated in Leung et al. (2020), much higher than the Fcrit value of 9.6 nmol O3 m-2 s-1 derived for the Chinese soybean (Zhang 

et al., 2017), and values of 3–6 nmol O3 m-2 s-1 for generic crops for large-scale modeling assessment (CLRTAP, 2023). In 

Lom_Cali, modeled crop yield without ozone damage is ~5% higher than that with damage under ambient ozone levels, 

consistent with the defined critical level of ozone damage. Figure 9 compares observed and modeled LAI at different ozone 

concentrations. At exposure experiments that have the highest target ozone concentrations, observed peak LAI reduces by ~2 515 

m2 m-2 relative to the reference ambient experiment. TEMIR generally reproduces the reduction of vegetation-stage LAI under 

ozone exposure well in both Lom_Cali and Sitch_Leung.  

Figure 8b is a similar comparison of modeled and observed relative biomass loss for the exposure experiments in years 2002, 

2004–2006. Target ozone concentrations of elevated ozone experiments in these years are lower (70–100 ppb) compared to 

the highest ozone levels (200 ppb) in the experiments in years 2009 and 2010. Therefore, a lower maximum ozone-induced 520 

relative biomass loss is observed for experiments in years 2002, and 2004–2006 than that in years 2009 and 2010. At ambient 

CO2 levels, the observed reduction in crop yield under exposure to elevated ozone ranges from 3.5–18.4%, after excluding an 

outlier growing season where a 10% increase in crop yield under elevated ozone is observed. In simulation case Sitch_Leung, 

the relative reduction of crop yield ranges from 0–2.5%, while in Lom_Cali the modeled relative reduction of crop yield ranges 

from 10.0–16.7%. At elevated CO2 levels, the observed relative yield loss under elevated O3 concentration ranges from 1.4–525 

10.1 %, suggesting an elevated CO2 concentration of 550 ppm alleviates ozone-induced damage at 370 ppm CO2 by 20–60%. 

The modeled relative ozone-induced yield loss under elevated CO2 in Sitch_Leung is zero, as ozone damage is already 

insignificant under ambient CO2 levels. In Lom_Cali, the modeled relative yield loss ranges from 7.5–10.8%, which is slightly 

higher than the observed values. Overall, model performance in simulating ozone-induced yield loss in case Lom_Cali is 

superior to that in case Sitch_Leung.   530 
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Figure 8. (a) Modeled and observed relative soybean yield under different O3 concentration levels at ambient CO2 for the SoyFACE 

experiments in year 2009 and 2010. Each model scheme has two lines connecting model results, which represent the two growing 

seasons. The error bars represent one standard error of the relative yield; the grey shaded area represents the range of the modeled 535 
relative yield loss in the sensitivity simulations with aLombardozzi = −0.022±0.006 m2 mmol-1 O3. (b) A comparison between the observed 

and modeled relative biomass (grain and above-ground) for the SoyFACE exposure experiments in year 2002, and 2004 to 2006. 

Biomass values of the ambient O3 experiments (including exposure under ambient or elevated CO2) are taken as reference. 

 

(a) year 2009 – 2010 (b) year 2002, 2004 – 2006 
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Figure 9. Modeled (lines) and observed (points with error bars) LAI of the soybean ozone exposure experiments of SoyFACE in year 540 
2009 and 2010. The target ozone concentration of each experiment is labeled at the top left of every subplot. The simulated LAI 

without ozone damage (‘O3_off’) is added in every subplot for visualizations of the modeled ozone effect.  

 

5.2.3 Effects of elevated O3 on maize biomass 

Figure 10 illustrates modeled and observed relative biomass under ozone exposure for maize based on the data collected by 545 

Peng et al. (2020). Relative to maize exposed to a below-ambient level of ozone concentration (fO3, 20 ppb), aboveground 

biomass is reduced by 18±6% at ambient levels of ozone (aO3, 40 ppb), and by 36±7% at the highest ozone level (eO3-lv3, 

~100 ppb). Relative to the experiment conducted with fO3, no significant reduction in crop yield was observed at ambient ozone 

and the first elevated ozone level (eO3-lv1, 60 ppb); reductions of 11±8% and 29±7% were observed for the second elevated 

ozone level (eO3-lv2, 80 ppb) and the highest ozone level, respectively. The discrepancy between responses of aboveground 550 

biomass and crop yield to ozone exposure require different values of the ozone sensitivity parameter aLombardozzi_An to achieve 

an optimal model-observation agreement. With an aLombardozzi_An value of −0.085 m2 mmol-1 O3, which is the sensitivity 

calibrated to relative Asat to cumulative ozone uptake (Fig. S2), the model overestimates the reduction in relative aboveground 

biomass by 30 percentage points for experiments conducted under elevated ozone concentrations. The error increases to 20–

60 percentage points for the simulation of relative crop yield for both ambient and elevated ozone concentration experiments. 555 

To reconcile modeled and observed relative aboveground biomass and crop yield, aLombardozzi_An has to be reduced to −0.05±0.02 

and −0.02±0.01 m2 mmol-1 O3, respectively. Modeled relative grain biomass is more sensitive to ozone damage than modeled 

above-ground biomass at a given aLombardozzi_An value, as the allocation of grain biomass takes place during the late growing 

stages when plants have already accumulated sufficient amount of ozone damage. It should be noted that if the analysis of the 

ozone-induced loss of relative aboveground biomass and relative crop yield takes the ambient ozone (aO3) as the reference 560 

level, treating the aboveground biomass measurements under fO3 ozone level as an outlier, aboveground biomass and crop 

yield would have statistically similar sensitivities to cumulative ozone uptake (i.e., aLombardozzi_An = −0.02±0.01 m2 mmol-1 O3).  
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Figure 10. Observed (points and error bars) and modeled (line and shade) relative biomass under ozone exposure for the experiments 

conducted in Peng et al. (2020). The dashed line represents the relative biomass simulated using the default parameters of the 565 
Lombardozzi scheme. The horizontal error bar represents the range of simulated CUO at different values of the sensitivity 

parameter aLombardozzi_gs that indirectly modify stomatal conductance and thereby CUO; the vertical error bar represents 1 standard 

error of the observations. The colored lines and shaded area represent the range of the modeled relative biomass at different values 

of aLombardozzi_An. The descriptions of the ozone levels can be found in Table 2. 

 570 

A similar pattern, requiring a wide range of aLombardozzi_An values was found to achieve good agreement in simulating relative 

total biomass and grain biomass under ozone exposure for the experimental data collected by Singh et al. (2023) (Figure 11). 

Under ambient CO2 concentrations, observed total biomass and grain biomass under exposure to filtered air (aCO2fO3) are 

11±5% and 8±9% higher than those exposed to ambient O3 levels (aCO2aO3), respectively. On the other hand, exposure to 

elevated O3 (aCO2eO3) leads to reductions in total biomass and grain biomass by 10±5% and 4±9%, respectively. Under 575 

elevated CO2, exposure to the elevated O3 (eCO2eO3) only reduces the observed total biomass and grain biomass by 3±4% and 

10±7% relative to those in ambient ozone concentrations (eCO2aO3), respectively. With a value of aLombardozzi_An at -0.124 m2 

mmol-1 O3, which is the sensitivity of the loss of relative Asat to cumulative ozone uptake (Fig. S2), simulated relative total 

biomass is within 2 percentage points of the observed values at different ozone and CO2 levels, while errors of the simulated 

relative grain biomass are about 25 percentage points at ambient CO2 concentrations and 5 percentage points at elevated CO2 580 

concentrations. With value of aLombardozzi_An of −0.100 m2 mmol-1 O3, which is about the mean sensitivity of the loss of relative 

Asat to cumulative ozone uptake at the two maize ozone exposure sites Peng and Singh, the error of the simulated relative crop 

yield at ambient CO2 concentrations is still larger than the observed value uncertainty. To optimize the agreement between 

modeled and observed relative grain biomass at different levels of ozone exposure, the plant-ozone sensitivity parameter 
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aLombardozzi_An has to be reduced to -0.03 m2 mmol-1 O3.
 The analysis of the two maize sites suggests that the observed sensitivity 585 

of the reduction in relative grain yield to ozone is about one-fourth of that for relative Asat. Total and aboveground biomass 

show diverse responses to ozone damage in the two sites, with the reduction in total biomass measured in Singh aligning with 

the reduction in Asat, whereas the reduction in aboveground biomass measured in Peng aligns with the reduction in grain yield.  

 

 590 

Figure 11. Observed (points) and modeled (plus, cross and asterisk) relative biomass under ozone exposure at two CO2 

concentrations for the experiments conducted in Singh et al. (2023). The error bars represent 1 standard error of the observed values. 

Three aLombardozzi (in m2 mmol-1 O3) values are selected for the sensitivity simulations: -0.124 is the derived sensitivity from the 

relationship between relative Asat and CUO based on the data in Singh et al. (2023); - 0.100 is the mean sensitivity from the Asat-CUO 

relationship of the two maize site, Singh et al. (2023) and Peng et al. (2020); -0.030 is the optimal sensitivity that yields the best 595 
agreement in the relative grain biomass. 

 

5.3 Discrepancies in sensitivities of Asat and biomass to cumulative ozone uptake 

The simulation results presented in Sections 5.2.2 and 5.2.3 reveal that relative reduction in soybean Asat is similar to that in 

soybean grain yield, whereas relative reduction in Asat is about three to four times more sensitive to ozone than that of grain 600 

yield in maize. To explain the discrepancy in sensitivities of different variables to cumulative ozone uptake, the calculation 

flow of a TEMIR crop simulation is illustrated in Figure 12. On the basis of vegetation carbon budget conservation, if the 

reduction in total biomass due to ozone exposure is less sensitive than that of the reduction in Asat, the reduction in respiration 

due to ozone exposure has to be more pronounced than the reduction in Asat to compensate for the loss of assimilated carbon. 
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However, SoyFACE experiments revealed that plant respiration per mass increased for soybean (Gillespie et al., 2012), and 605 

did not significantly change for maize with increasing O3 exposure (Li et al., 2022). To explain the lower sensitivity of the loss 

of aboveground biomass to O3 than that for Asat to O3, a reduction in plant root-shoot ratio under elevated ozone exposure can 

offset the loss of aboveground biomass from reduced photosynthetic rate. However, meta-analyses conducted by Morgan et 

al. (2003) and Li et al. (2021) concluded that the change in root-shoot ratio of soybean was not significant. The Peng 

experimental dataset also suggested that root-shoot ratio of maize did not change significantly under elevated O3 exposure 610 

(Peng et al., 2020). 

The goal of the implementation of the Lombardozzi scheme is to simulate the effects of prolonged ozone exposure on the 

decoupling of global carbon and water cycles (Lombardozzi et al., 2015; Li et al., 2024). In crop simulations, the Lombardozzi 

scheme better reproduces the negative responses of the photosynthetic rate to chronic ozone exposure and nonresponses to 

acute ozone exposure, as observed in Betzelberger et al. (2012) for soybean, compared to the Sitch scheme. The similar 615 

sensitivities of the observed Asat and crop yield to cumulative ozone exposure result in very good agreements in the simulated 

relative yield loss and reduction in LAI under ozone exposure with the TEMIR model. However, maize field experiments 

conducted by Peng et al. (2020) and Singh et al. (2023) suggested that there are gaps between the sensitivities of photosynthetic 

parameters and biomass parameters to ozone exposure. As a result, the model ozone sensitivity parameter aLombardozzi_An, which 

originally represents the reduction of the photosynthetic rate due to chronic ozone exposure, has to be reduced by 75% to 620 

reproduce the observed change in biomass and yield for maize. It is recommended that users adopt the ozone sensitivity 

parameter aLombardozzi_An that is calibrated to relative biomass loss (i.e., −0.02 to −0.05 m2 mmol-1 O3) rather than that calibrated 

to the relative loss of Asat (~ −0.1 m2 mmol-1 O3) for maize, given that the goal of simulations is to examine regional or global 

yield and biomass loss under chronic ozone exposure in different climate scenarios.  

 625 
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Figure 12. Simplified flow chart of the crop model calculation in TEMIR. Black arrows indicate the flow of variables for calculations 

of next step; black dashed lines indicate variables that are related to each other; colored arrows indicate variables that are used for 630 
derivation of crop-ozone sensitivities in various model studies and field studies. 

 

 

5.4 Potential improvements to LAI simulation 

TEMIR can simulate the positive influence on LAI from the exposure to elevated CO2, as well as the negative influence on 635 

LAI from the exposure to elevated ozone, but the effects are generally overestimated. The current model does not take into 

account the impacts of changing CO2 and O3 concentrations on specific leaf area (SLA). SLA is usually implemented as a 

constant plant trait in land surface models such as CLM 4.5, or as a variable that only responds to changing phenology in crop 

models such as JULES-crop (Equation 25). The meta-analysis conducted by Ainsworth and Long (2005) suggests that SLA 

for C3 grasses decreases by 8±4% (i.e., leaves become thicker) under elevated CO2, while for C4 grasses the change in SLA at 640 

elevated CO2 is not significant (+3±7%). In the SoyFACE dataset, a statistically significant 15% reduction in SLA was 

observed for the developed leaves at the early growing stage, though the reduction was only 5% (statistically insignificant) at 

the mid-growing stage (Ainsworth et al., 2007). Ozone exposure has an opposing effect on SLA compared to elevated CO2 

concentrations. SoyFACE experiments observed a statistically significant increase in SLA by 10–22% at ozone concentrations 

of 190–200 ppb relative to ambient ozone concentrations for soybean (Fig. S4; Betzelberger et al., 2012), while the effect on 645 

maize SLA was insignificant (Choquette et al., 2020). With the implementation of varying SLA in response to changing CO2 

and O3 concentrations, LAI is primarily modified through the change in SLA, as well as the diminished or amplified LAI-GPP 

feedback during the early- to mid-growing stage.  

At late growing stages, LAI changes are mostly driven by senescence loss. Current implementation of leaf senescence rate in 

TEMIR and models such as CLM4.5 and JULES is based on phenological timing, which can be further improved by including 650 

cumulative ozone uptake and water stress. Water deficit triggers early senescence for maize as documented in the 

Manderscheid et al. (2014) dataset. Exposure to high ozone concentrations also induces early senescence in crops (Betzelberger 

et al., 2012). Future improvements to the parameterization of leaf senescence could draw on crop models such as DSSAT 

(Guarin et al., 2024), which incorporates the impacts of ozone on leaf senescence rate.  

 655 

5.5 Comparison of ozone sensitivity parameters to published relative response functions  

The sensitivity parameter aLombardozzi can be directly compared to sensitivities of O3-uptake-based relative response functions. 

These relative response functions are derived from regressions of response variables (e.g, Asat, gs, and crop yield) to cumulative 
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stomatal uptake of O3. The calculation of the cumulative stomatal uptake of O3 varies in different studies, such as the method 

to calculate the stomatal conductance and the time window when O3 uptake is considered. 660 

Table 5 summarizes the sensitivities of different response variables to cumulative ozone uptake calculated with different values 

of Fcrit. Peng et al. (2020) derived relative response functions using a multiplicative stomatal conductance model adopted, for 

example, in CLRTAP (2023). Parameters of the multiplicative stomatal conductance model were specifically calibrated to 

field observations. The resulting sensitivity of the loss in relative Asat calculated with the multiplicative stomatal model is about 

20% lower than that derived in this study (Fcrit = 6 nmol O3 m-2 s-1), in which stomatal conductance was calculated using the 665 

Ball-Berry formulation. Using different methods to calculate stomatal conductance does not change the conclusion that the 

relative loss of Asat is more sensitive than that for biomass to ozone uptake. When comparing different maize ozone exposure 

experiments, a large difference in the sensitivity of Asat reduction to ozone uptake is observed. At the same Fcrit value of 0, the 

sensitivity of the loss of relative photosynthetic rate to ozone uptake for the experiment conducted by Bagard et al. (2015) is 

~8 times larger than that of Singh et al. (2023), and ~3 times larger than that of Peng et al. (2020). Mills et al. (2018) used a 670 

sensitivity −0.007 mmol O3
-1 m2 (Fcrit

 = 3 nmol O3 m-2 s-1) for global relative yield loss assessment of maize, deriving from the 

uptake-based yield loss function for wheat and the relative sensitivity of the concentration-based metric M7 for maize relative 

to that for wheat. This yield-loss sensitivity value of −0.004 mmol O3
-1 m2 is only about 10–20% of the yield-loss sensitivity 

derived from the Peng and Singh datasets. 

There are currently two soybean ozone exposure experiments with available uptake-based relative response functions to the 675 

best of our knowledge. Zhang et al. (2017) reported a mean sensitivity of −0.033 mmol O3
-1 m2 (Fcrit

 = 6 nmol O3 m-2 s-1) for 

the relative reduction in grain yield for four Chinese soybean cultivars. Assuming the sensitivity of the relative loss in grain 

yield is similar to that of relative Asat, like what is observed from the SoyFACE dataset, the mean sensitivity of the US cultivars 

is ~20% lower than that of Chinese cultivars. Considering the uncertainties attributed to the calculation of stomatal conductance 

and measurements of response variables, they have essentially the same sensitivity to ozone. Mills et al. (2018) similarly 680 

derived an uptake-based yield-loss response function for soybean based on the relative sensitivity concentration-based metric 

M7 for soybean to wheat. The resulting uptake-based sensitivity of −0.007 mmol O3
-1 m2 is lower compared to both values 

derived from the SoyFACE dataset and the study of Zhang et al. (2017). 

In land surface models, crops are lumped into one or several categories. Comparing ozone sensitivity parameters derived for 

generalized crop simulations to those specifically calibrated for maize and soybean, generalized crops are less sensitive to 685 

ozone than maize and soybean. The sensitivity of the loss in relative Asat to ozone uptake for generalized crops in Li et al. 

(2024) is calibrated using a logarithmic function at Fcrit = 0.5 nmol O3 m-2 s-1, which corresponds to values of aLombardozzi,An 

between −0.03 and −0.06 mmol O3
-1 m2 at relevant O3 concentration levels. This value of aLombardozzi,An derived in Li et al. 

(2024) is larger than those derived in this study for maize (−0.012 and −0.035 nmol O3
-1 m2 at Fcrit = 0) and soybean (−0.013 

nmol O3
-1 m2 at Fcrit = 0).  690 
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Table 5. Summary of the relative response functions of maize and soybean to cumulative effective ozone uptake derived in this study 

and other studies. 

Reference Response variables 
Relative response functions and Fcrit in nmol 

O3 m-2 s-1 & 

Maize   

This study based on data from 

Singh et al. (2023) 

Asat 
1 – (0.012±0.006)(CUO0) 

1 – (0.124±0.029)(CUO3)  

gs 
1 – (0.007±0.006)(CUO0) 

1 – (0.100±0.033)(CUO3) 

Total biomass* 1 – (0.12±0.04)(CUO3) 

Grain yield* 1 – (0.04±0.02)(CUO3) 

This study, based on data from 

Peng et al. (2020) 

Asat 

1.1 – (0.035±0.009) (CUO0) 

1 – (0.085±0.013)(CUO3) 

0.93 – (0.161±0.022)(CUO6) 

gs 

0.90 – (0.006±0.009)(CUO0) 

0.89 – (0.020±0.019)(CUO3) 

0.87 – (0.033±0.036)(CUO6) 

Above-ground BM* 1 – (0.05±0.02)(CUO3) 

Grain yield* 1 – (0.02±0.01)(CUO3) 

Peng et al. (2020)# 

Asat 1 – 0.129(CUO6) 

Total biomass  1 – 0.053(CUO6) 

Above-ground BM 1 – 0.051(CUO6) 

Mills et al. (2018) Grain yield 1 – 0.004(CUO3) 

Bagard et al. (2015) An 1 – 0.1(CUO0)^ 

Soybean   

This study, based on data from 

Betzelberger et al. (2012) 

Asat 
1 – (0.022±0.003)(CUO4) 

1 – (0.027±0.003)(CUO6)  

gs 
1 – (0.020±0.005)(CUO4) 

1 – (0.024±0.005)(CUO6) 

Grain yield* 1 – (0.022±0.005)(CUO4) 

Zhang et al. (2017) Grain yield 1 – 0.033(CUO6) 

Mills et al., (2018) Grain yield 1 – 0.007(CUO3) 

Generalized crops   

Li et al. (2024) 
An 0.909 – 0.028ln(CUO0.5) 

gs 1 – 0.169tanh(CUO0.5) 

Lombardozzi et al. (2015) 

‘Average sensitivity’ 

An 0.8021 – 0.0009(CUO0.8) 

gs 0.7511 
# Parameters directly retrieved from Peng et al. (2020), where stomatal conductance is calculated based on a multiplicative 695 

function (Jarvis, 1976) that is calibrated to leaf-level gas-exchange measurements, unlike the Ball-Berry formulation used in 
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TEMIR in this study. * The slope of the relative response function is based on inspections of Figure 8, Figure 10 and Figure 

11, but not based on the regression slopes between target variables and CUO. & Regression intercepts are only specified if they 

deviate from 1 by more than 0.05. ^ By inspecting Figure 2D in  Bagard et al. (2015) 

 700 

 

6 Conclusions 

A process-based crop module has been implemented into the Terrestrial Ecosystem Model in R (TEMIR), enabling simulations 

of crop carbon budgets, phenology, and physical structure at various CO2 and surface ozone concentrations. Evaluated against 

eddy-covariance flux observations, the model reliably reproduces key ecosystem variables, such as GPP and biomass, for 705 

maize and soybean. Evaluated against elevated CO2 fumigation experiments, TEMIR reproduces varying responses of C3 and 

C4 crops to high CO2 concentrations for biomass and yield. Following the cumulative stomatal ozone uptake framework, two 

sets of plant-ozone damage parameters, one for each crop, are derived using relative gas-exchange rate loss observation data 

from ozone fumigation experiments. For soybean, using calibrated parameters, the model reproduces relative yield loss with a 

mean error of less than 5 percentage points, substantially improved from the default parameters (mean error of 30 percentage 710 

points). The small mean error arising from using the parameters calibrated from relative gas-exchange rate loss suggests that 

photosynthetic impairment closely mirrors yield declines in soybean. In contrast, such mirroring is not observed in maize, 

where crop yield displays buffering from ozone damage relative to gas-exchange rates. The ozone damage sensitivity parameter 

calibrated to photosynthetic rate loss has to be reduced by 66 – 75% to match harvest data. This differential sensitivity of plant 

physiology toward ozone underscores the importance of selecting appropriate ozone damage parameters according to the 715 

research goal, distinguishing between yield assessments, and carbon- and water-cycle assessments under ozone pollution. 

As a computationally efficient offline model, the new TEMIR crop module facilitates multi-scale assessments of agricultural 

vulnerability under diverse climate and ozone pollution scenarios. Its compatible input structure with the chemical transport 

model GEOS-Chem provides a versatile platform to evaluate how land-use shifts, precursor emission controls, and climate 

interventions impact surface ozone concentrations, and thereby crop yield. Ultimately, this framework delivers science-based 720 

evidence on the agricultural co-benefits of air quality management, directly advancing climate-resilient food security and 

United Nations Sustainable Development Goals. 

 

 

 725 
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Code and data availability.  

The Terrestrial Ecosystem Model in R (TEMIR) version 2.0 source code is free software licensed under the GNU General 730 

Public License v3 (GPL-3.0). The exact frozen version of the model code is archived on Zenodo at 

https://doi.org/10.5281/zenodo.23462305 (Pang and Tai, 2026a), with active development accessible on GitHub 

(https://github.com/yspang919/TEMIR). The input files required to run an example crop simulation in TEMIR v2.0 are 

archived on Zenodo at https://doi.org/10.5281/zenodo.21408341 (Pang and Tai, 2026b). Experimental data for the maize eCO2 

experiments (Manderscheid et al., 2014) are available through the Open Data Journal for Agricultural Research 735 

(https://doi.org/10.18174/odjar.v6i0.17915; Manderscheid et al., 2020). Observational data for the flux tower site IN-Hyd and 

maize ozone fumigation experiments (Peng et al., 2020) are uploaded to Zenodo at https://doi.org/10.5281/zenodo.23462820 

(Pang et al., 2026). Experimental data for the Indian maize fumigation experiments (Singh et al., 2023) are available from the 

respective authors upon reasonable request. 
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