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Abstract. Crop yields are determined by multiple process chains that respond to environmental conditions. The very complex

interactions between the different processes as well as the effects of isolated and combined process-level signals on final yields

can be examined with process-based models. One of the key signals for crop development and growth dynamics is temperature,

which is subject to change under global warming. While some crop models compute temperatures at the canopy level, others

take 2 m air temperatures as input. However, the two temperatures can deviate significantly, potentially leading to different pro-5

cess responses when the less accurate 2 m air temperatures are used. This particularly applies to high-temperature processes

that exhibit nonlinear dynamics and are very sensitive to small temperature variations. For global models, a major limitation

is the computational resources required by suitable canopy temperature approaches. In this study we present computationally

efficient emulators based on a complex energy balance approach (EBSC) to simulate daily mean and maximum canopy temper-

atures of twelve different crops. The emulators are statistical models that include six variables describing weather conditions10

and crop status. Furthermore, the emulators contain interaction terms to consider the response of canopy temperature on inter-

actions between the variables. We apply and evaluate the emulators in the global, process-based Lund-Potsdam-Jena managed

Land (LPJmL) model and show that the emulator approach reproduces observed canopy heating and cooling effects depending

on the water and nitrogen status of wheat. Furthermore, we compare the simulated daily mean and daily maximum canopy

temperatures of all twelve crops to a global dataset of ERA5 skin temperatures. We find that, for daily mean temperatures,15

2 m air temperatures are the better approximation of skin temperatures than the simulated canopy temperatures, whereas for

daily maximum temperatures simulated canopy temperatures consistently outperform 2 m air temperatures in terms of bias and

nonunity slope. Our results indicate that heat effects are substantially underestimated with 2 m air temperatures, while they are

significantly better captured with simulated canopy temperatures. This suggests that replacing the 2 m air temperature input by

simulated canopy temperatures considerably improves the ability to model high temperature impacts on crop growth.20
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1 Introduction

Increasing temperature trends have had severe impacts on global agricultural production in the past and could have even more

drastic impacts in the future (Asseng et al., 2015; Teixeira et al., 2013; Gourdji et al., 2013). Particularly the number and

intensity of heatwaves are expected to increase in a warming climate (Li et al., 2021; Seneviratne et al., 2021; Coumou and

Rahmstorf, 2012), which can have significant negative, nonlinear effects on crop yields (Schlenker and Roberts, 2009; Lobell25

et al., 2011; Porter and Gawith, 1999). For example, Miller et al. (2021) estimate average per-country losses of 10.3 % in

agricultural output per year by the end of the century due to heatwaves in an RCP 4.5 (no adaptation) scenario.

Global process-based crop models are an important tool to understand the impacts of high temperatures on global crop yields,

to analyze potential climatic threats to global food security, particularly for future conditions, and to identify potential adap-

tation measures. They describe different processes in plants and soils and dynamically simulate plant and soil properties ac-30

counting for daily growth conditions at each simulated location. To consider high temperature effects on crops, many include

temperature-dependent processes (Wang et al., 2017). A special case is that of heat stress, in which responses result when

a high temperature threshold is surpassed leading to negative and largely irreversible effects on growth or development of a

crop resulting in reduced yields. These processes are determined by the actual temperatures in the plant tissue which are often

assumed to be identical to 2 m air temperatures (that are available as an input to models), while more complex approaches35

directly simulate the temperature of the plant. For this, canopy temperatures, defined here as the temperatures at the top layer

of the crop canopy, are of central interest. Depending on the climatic conditions, the water status of a crop and its canopy prop-

erties, canopy temperatures can deviate substantially from 2 m air temperatures (Siebert et al., 2014; Amani et al., 1996) that

are typically measured above a grass surface. For example, in hot and dry climates, where the vapor pressure deficit can be very

high, the canopy of irrigated wheat can be several degrees lower than the air temperature. In contrast, high net radiation and a40

low stomatal conductance, e.g. due to low water availability, can lead to heating of the canopy. These potential differences can

introduce substantial errors, if modeled processes rely on near-surface air temperatures instead of the more accurate canopy

temperatures.

Although different approaches to compute canopy temperatures have been established, many global crop models still use air

temperatures for a number of reasons: Empirical approaches (EMP) are trained on historic conditions in specific regions and45

may perform very well under conditions they are developed under. However, their applicability in regions with different cli-

matic conditions or in future projections with a changing climate is expected to be limited, particularly given the non-linear

relationship between air temperatures and vapor pressure deficit (VPD), which is the difference between actual and saturated

vapor pressure, over the range of temperatures that crop heat stress occurs. While simple energy balance approaches (EBN)

considering all energy fluxes between the plant and its surrounding can react to unknown conditions and are computationally50

easy, though they have been shown to perform worse than the EMP models in comparison studies in semi-arid environments

from Webber et al. (2017, 2018). This might be due to their simplification of assuming a neutral stability of the atmosphere and

therewith allowing only little heat transfer between the crop canopy and the surrounding air (Webber et al., 2017). Mechanistic

complex energy balance approaches correcting for the atmospheric stability (EBSC) can accommodate new conditions and they
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have been found to perform best compared to EMP and EBN (Webber et al., 2017). However, they need high computational55

resources, which can be a limitation for resource intensive global simulations.

The objective of this work is to develop a robust canopy temperature modeling approach, that is resource efficient and can

therefore be used in global-scale applications. We derive a simplified model that is based on an EBSC approach and can con-

veniently be included in global crop models. With this, we aim to provide a method that is suitable to compute daily canopy

temperatures of different crops growing in different regions producing reliable results for both historic and future climatic60

conditions. The simplified model is validated by comparing its results to those of the original one and then applied in the global

process-based Lund-Potsdam-Jena managed Land (LPJmL) model to evaluate how the embedded approach performs globally.

2 Methods

2.1 The underlying EBSC model

Webber et al. (2016) describe the EBSC approach, that has been implemented in the Scientific Impact assessment and Modeling65

Platform for Advanced Crop and Ecosystem management (SIMPLACE) modeling framework (Enders et al., 2023) and on

which this work builds, in detail in their study. Here, we provide a brief summary.

The EBSC approach considers all energy fluxes between the plant and its surrounding while at the same time accounting for

the stability conditions of the atmosphere. The energy balance can be expressed by

Rn = LE+H +G, (1)70

where Rn is the net radiation at the crop’s surface, LE is the latent energy flux (due to evaporation), H the sensible heat flux

(by convection), and G the soil heat flux (by conduction) (Webber et al., 2016; Monteith and Unsworth, 1990).

Following Monteith and Unsworth (1990), and Clawson et al. (1989), Eq. (1) can also be formulated as

Tc = Ta +
(Rn −G) · ra

ρ · cp
γ · (1+ rc

ra
)

∆+ γ · (1+ rc
ra
)
− (e∗a − ea)

∆+ γ · (1+ rc
ra
)
, (2)

where Tc is the canopy temperature, Ta is the air temperature, ρ and cp are the density and the specific heat of the air, ∆ the75

slope of the saturated vapour pressure curve, γ the psychometric constant, ea and e∗a the actual and saturated vapour pressure

of the air, and rc and ra the canopy and aerodynamic surface resistances.

Webber et al. (2016) correct for the atmospheric stability in ra, which means that effects of buoyant forces are considered. These

depend on surface temperature, i.e. canopy temperature, resulting in an interdependence of ra and Tc. As both are unknown,

numeric approaches are needed to find a solution for ra, or Tc, respectively. Webber et al. (2016) report that in their numeric80

approach using the Monin-Obukhov-Similarity Theory (MOST) and empirical stability correction factors, approximately 90%

of the iterations converge and provide solutions for Tc (in the conditions tested). However, the iterations needed for convergence

can require high computing capacity, which is a limitation for global models with considerably high computing costs. To solve

this problem, we rebuilt the model from Webber et al. (2016) as a stand-alone model in R (Hemmen et al., 2026) and from this
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derive emulators that can be used in global models, such as LPJmL.85

As in Webber et al. (2016), our rebuilt model includes the simplification of computing a lower and an upper canopy temperature

limit, where the transpiration rates of a crop are at its maximum and minimum. This simplification is helpful insofar as the

value for the canopy resistance rc only needs to be known for one of the two boundary cases, namely the lower temperature

case Tc,L, for which it can be computed as described in Allen and Wright (1997):

rc,L =
r1

0.5 ·LAI , (3)90

where LAI is the actively transpiring leaf area index and r1 is the stomatal resistance of a single leaf with a reference value

for a grass crop of approximately 100 s/m (under well-watered conditions). Tc,L can then be computed using Eq. (2) and rc,L.

For the upper canopy temperature limit case Tc,U , rc is assumed to reach infinity and thus Eq. (2) reduces to

Tc,U = Ta +
(Rn −G) · ra

ρ · cp
. (4)

The canopy temperature is finally calculated by scaling between these two limits with a water stress factor KWS (Eq. (5)), e.g.95

the relation of actual to optimal canopy conductance.

Tc = Tc,L +(1−KWS) · (Tc,U −Tc,L) (5)

2.2 EBSC input and modeling protocol

To generate a dataset for subsequent training of the emulators, we use the rebuilt, stand-alone EBSC model with which we

compute values for the two canopy temperature limits. In order to receive a global coverage, we supply the EBSC model with100

a dataset of randomly distributed grid-cell-day combinations, which we generated in a preprocessing step. It comprises 90000

entries, each containing variable values describing the weather conditions and crop status. Each entry corresponds to a specific

spatial cell (with a resolution of 0.5°) on a specific day (between the years 1910 and 2100), so the variables describe the state

of that cell on that day.

The selection of cell-days was done based on weather data and crop-specific leaf area index (LAI) values of twelve different105

crop types (section 2.4 and Tab. A1), which was produced by global crop simulations with LPJmL. For this, we used ver-

sion 5.9.18 with the standard configuration, in which all temperature related LPJmL processes are driven with near-surface

air temperature (i.e. no canopy temperature was considered). The simulations were forced with global climate data from the

Inter-Sectoral Impact Model Intercomparison Project simulation round 3 (ISIMIP3b) (Lange and Büchner, 2021). ISIMIP3b

provides data for different future projections based on several Representative Concentration Pathways (RCPs) and socioeco-110

nomic scenarios. In order to take into account a wide range of weather conditions considering a potential high increase of

global mean temperature, we drove the LPJmL model with both historic and future SSP5-RCP8.5 conditions using GFDL-

ESM4 climate data. As first step in our selection, we only considered the global LAI output of 33 different days of the year

(DOYs) per year from 11 randomly selected historical years (in sum 363 different DOYs between 1910 and 2010), and 40

different DOYs per year from 9 future years (in sum 360 different DOYs between 2020 and 2100). From this set of days, only115
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cell-days with LAI values of minimum 1.5 were retained, because the known soil temperature signals and effects on canopy

temperature during early growth stages (Webber et al., 2016; Wall et al., 2013) are not accounted for in the considered EBSC

model. From the derived sample, we excluded all cell-days with negative daily mean temperatures and shortwave downwelling

radiation values smaller 50 W/m2. The remaining sample was then finally reduced by a random selection of cell-days, which

are shown in Figure B1.120

We assembled a global dataset of the selected cell-days, combining weather data extracted from the same ISIMIP source as

was used in the LPJmL simulations with crop-specific data (crop type and respective LAI) taken from the LPJmL output. When

multiple simulated crops of a selected cell-day exhibited LAI values exceeding 1.5, we selected one crop randomly to supply

the crop-specific input data. Values for maximum heights of the simulated crops, required to compute the aerodynamic resis-

tances, were mainly derived from the USDA National Plant Germplasm System (National Plant Germplasm System, United125

States Department of Agriculture-Agricultural Research Service, 2025; Byrne et al., 2018) (see Table A1 in the appendix). The

accession numbers of the used database records are listed in .csv files in the Supplement. As the EBSC model is based on net

radiation (Rn), we converted the shortwave and longwave downwelling radiation data provided by ISIMIP as is done LPJmL:

Rnl =Rl −σ · (Ta +273.15)4 (6)

130

Rn = (1− albedogreen leaves) ·Rs

+Rnl ·
(
daylength

24

)
, (7)

where Rl is the incoming, Rnl the net longwave radiation flux, and Rs the incoming solar irradiance (all in W/m2), σ the

Stefan-Boltzmann constant (in W/(m2K4)), and Ta the air temperature (in °C). For the albedo of green leaves, we used a value

of 0.18.

The transfer of ISIMIP near-surface wind speeds at 10 m to wind speeds at the canopy level needed in the EBSC model is135

performed at runtime and follows Allen and Wright (1997), as was done in Webber et al. (2016) and Enders et al. (2023).

Many modeled plant processes, especially those with continuous, linear temperature responses, use mean temperatures as in-

puts. In contrast, plant processes which have responses only beyond a threshold, such as heat stress, exhibit non-linear behavior

in high temperature ranges. Here, consideration of daily absolute maximum temperature values is important (Porter and Gaw-

ith, 1999). We therefore use two different simulation setups. The initial scenario is driven by both daily and spatially averaged140

input values and used to obtain daily mean canopy temperature limits of the selected cell-days. In the second configuration, we

replace daily, cell-specific mean near-surface air temperature input with maximum values (Tmax) so that resulting canopy tem-

perature limits approximate daily maxima. This is based on the assumption that the maximum canopy temperatures coincide

with the maximum near-surface air temperatures. To keep the temperature and radiation variables consistent, we assume daily

maximum air temperatures to occur at 3 pm and derive the radiation value at this time of day (Rtmax, Eq. 9) from the net ra-145

diation (Rn) by assuming a sinusoidal radiation curve with a radiation maximum (Rmax) at noon (Eq. 8). For the computation

of Rmax, we multiply Rn with 24/daylength to calculate back the mean daytime shortwave downwelling radiation from the
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dataset provided by ISIMIP, which is a mean over 24 hours including nighttime hours. Furthermore, we substitute daily mean

VPD (V PDmean) with VPD at Tmax (V PDmax). Figure B1 shows the value distributions of all variables in the assembled

dataset for both simulation setups.150

Rmax =Rn ·
(

24

daylength

)
·
(π
2

)
(8)

Rtmax =Rmax · sin
(

π

daylength
· (15− ts)

)
, (9)

with

ts =

(
12− daylength

2

)
(10)155

2.3 Emulation of the EBSC model

In the EBSC model described above (Sect. 2.1), canopy temperatures are simulated as a function of water stress lying between

two temperature limits (Eq. (5)). In our work, we supply emulators for these (upper and lower) limits. When implementing the

emulators in global models, canopy temperature can be computed by applying an internally calculated water stress factor used

for scaling between these limits. A comparable direct response may have been obtained using a single emulator considering a160

water stress variable. However, retaining water-stress computation within the global model preserves methodological flexibility,

whereas incorporating it as an emulator input would bind the model’s internal computation to the particular stress formulation

used for training.

For the emulation, we use regression models with lower and upper canopy temperature limits from the EBSC model output as

dependent variables, respectively, and up to six regressors, namely radiation (R), near-surface air temperature (T), windspeed165

(W), vapour pressure deficit (VPD), leaf area index (LAI), and maximum height of the crop (H). The choice of the regressors

was derived from the simplified equations for lower and upper canopy temperatures (Eq. (2) and Eg. (4)). Radiation and air

temperature are variables on which the canopy temperature limits are directly dependent. The same applies to VPD, though it is

only relevant for the lower canopy temperature limit as the dependence of canopy temperature on VPD vanishes for the upper

limit case (see also Eq. (4)). Leaf area index and maximum height indirectly contribute to Tc as they are used to determine the170

lower limit’s canopy resistance and the actual height of the crop, which in turn is used to calculate roughness and displacement

lengths of the plants. The latter two, along with windspeed, are needed to calculate the aerodynamic resistances.

Webber et al. (2016) suggest, that simple empirical relationships derived from single variable linear regressions between canopy

temperature deviations from air temperature and climate drivers (such as radiation) are not sufficient to explain the differences

between canopy and air temperature and that multivariate, non-linear relationships may perform better. Therefore, we use a175

parametric model, with a cubic polynomial basis function, that has been shown to work for emulating grain yields by Franke
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et al. (2020). As in Franke et al. (2020), we also include interaction terms, such as the interaction between radiation and near-

surface air temperature (Eq. (11)). The emulators consist of 84 terms in the case of the lower canopy temperature emulator and

56 terms for the upper canopy temperature emulator. We tested whether some terms could be dropped without significantly

reducing the goodness of fit with the step function from the stats package in R (Hastie and Pregibon, 1992; Venables and180

Ripley, 2002), which uses the Akaike information criterion. However, as most terms turned out to be relevant, we use the full

equation for further applications. We derive the parameter values of the emulators by an ordinary least squares fit with the lm

function from the same stats package in R (Chambers, 1992; Wilkinson and Rogers, 1973). For this, we use the same input

data for the independent variables as was used to drive the EBSC model (Sect. 2.2) and the EBSC model results for lower and

upper canopy temperature limits corresponding to this input data. As we applied two distinct setups for the EBSC simulations,185

we receive two parameter sets per emulator, i.e. per canopy temperature limit. The derived parameter values are listed in Table

A3 and Table A4 in the appendix and only correspond to the set of variable units and conditions used for the regression, which

is listed in Table A2.

Tc,L = k1

+ k2 R+ k3 T + k4 W + k5 V PD+ k6 LAI + k7 H

+ k8 R
2 + k9 T

2 + k10 W
2 + ...

+ k14 R ·T + k15 R ·W + ...

+ k19 T ·W + k20 T ·V PD+ ...

...

+ k28 LAI ·H

+ k29 R
3 + k30 T

3 + k31 W
3 + ...

+ k35 R
2 ·T + k36 R

2 ·W + ...

+ k40 T
2 ·R+ k41 T

2 ·W + ...

...

+ k60 H
2 ·R+ k61 H

2 ·T + ...

+ k65 R ·T ·W + k66 R ·T ·V PD+ ...

+ k75 T ·W ·V PD+ k76 T ·W ·LAI + ...

...

+ k84 V PD ·LAI ·H (11)
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2.4 LPJmL model190

LPJmL is a global model that dynamically simulates natural vegetation, managed land, and the terrestrial hydrology. The three

components are coupled by carbon, water, and nitrogen cycles and include various biogeochemical and biophysical processes.

A comprehensive description of the model is provided by Schaphoff et al. (2018a), Schaphoff et al. (2018b), and von Bloh

et al. (2018) with updates up to version 5.7.9 described in Wirth et al. (2024). Further model developments of version 5.9.18,

which is used here as a basis, that have not been published include technical changes, such as a new formatting and file ending195

of configuration files, a change in soil heat transfer routines and numerous further improvements and minor bug fixes, which

are documented in a CHANGELOG.md file as part of the source code publication (Hemmen et al., 2026). In this work, we focus

on the agricultural modules of LPJmL, that simulate the development and growth of twelve different crops, namely temperate

cereals (e.g. wheat), rice, maize, tropical cereals (e.g. millet), pulses (e.g. field pea), temperate roots (e.g. sugar beet), tropical

roots (e.g. cassava), sunflower, soybean, groundnuts, rapeseed, and sugarcane (Schaphoff et al., 2018b). The emulator approach200

described in this work in principle works for all crops, meaning that the parameter values are not constrained to only some

crops. However, the site-specific validation and analysis in this study focus on wheat.

Many crop growth and development processes in LPJmL are temperature dependent. One example is the photosynthesis rate,

which is at its maximum for a certain temperature range and decreases if temperatures are too low or too high. Another example

is the onset of senescence, that is triggered once a certain amount of phenological heat units has been accumulated. Before the205

canopy temperature emulation was made available in LPJmL, all temperature related processes were driven with near-surface

air temperatures or soil temperatures.

2.5 EBSC emulators in LPJmL

As described in Sect. 2.3, this work provides emulators for a lower and an upper canopy temperature limit, which represent

canopy temperatures at two extreme states of water stress. The upper canopy temperature limit is reached when the canopy210

resistance is very high, or the canopy conductance is close to zero, due to high water stress. The lower canopy temperature

limit is reached when the crop experiences low water stress and fully transpires. The associated optimum canopy conductance

gc,opt is the reciprocal of the lower limit’s canopy resistance rc,L (see Eq. (3)). The final canopy temperature (Eq. (5)) is

computed by scaling between these two limits with a water stress factor KWS . In LPJmL, we use the internally computed

canopy conductance gc,LPJmL as a proxy for the water stress KWS by normalizing it with the optimum canopy conductance215

gc,opt.

KWS =min

(
1,

gc,LPJmL

gc,opt

)
(12)

While not directly affected, the canopy conductance gc,LPJmL is impacted by temperature-dependent processes, such as the

photosynthetic rate or the stress caused by nitrogen limitation. For simplicity, we use mean near-surface air temperature as input

in these temperature-dependent processes. After computation of the final air temperature-based gc,LPJmL, we derive the water220
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stress scaling factor KWS to compute both daily mean and daily maximum canopy temperatures. In the following, canopy

temperatures that have been computed within LPJmL are referred to as simulated instead of emulated canopy temperatures, as

the scaling with KWS has a significant impact on the final value and is independent from the emulation.

Since the training of the emulators is constrained to certain value ranges for some dependent variables, we use the same

constraints in LPJmL. This means that if the values of the respective variables fall below certain conditions, we set the canopy225

temperature to the value of the near-surface air temperature of the respective grid cell and day. Since the validation of the

emulators (Sect. 3.1) revealed that their performance is weak for low wind speeds, we additionally added a condition for wind

speeds in LPJmL. An overview of the constraining conditions is given in Table 1. Additionally, we also set the value of the

canopy temperature equal to the value of the air temperature if either the emulated lower canopy temperature limit exceeds the

value of the emulated upper canopy temperature or if the simulated canopy temperature is 10 K higher or lower than the air230

temperature.

Table 1. Thresholds of different LPJmL variables used for the computation of canopy temperatures. If the values of the variables fall below

their respective thresholds, daily (minimum/maximum) canopy temperatures are set to the values of the corresponding daily (minimum/max-

imum) near-surface air temperatures.

Variable Thresholds

shortwave downwelling radiation 50 W/m2

air temperature (mean or maximum) 0 °C

leaf area index 1.5 m2/m2

wind speed 1 m/s

upper Tc limit lower Tc limit

2.6 LPJmL modeling protocol

For simulations with LPJmL, we use version 5.9.18 with the standard configuration. This version is based on the nitrogen

version of LPJmL, that includes the terrestrial carbon and nitrogen cycle (Schaphoff et al., 2018b; von Bloh et al., 2018; Wirth

et al., 2024). For both the creation of different model configurations and to start the simulations, as well as for some postpro-235

cessing steps of the LPJmL output, we use the open source R package lpjmlkit (Breier et al., 2024). We first conduct a 3500

year spin-up, in which only natural vegetation is simulated to reach a dynamic pre-historical equilibrium of vegetation distri-

bution and corresponding carbon and nitrogen pools. Subsequently, land use is introduced by a second, 420 year long, spin-up.

We then perform a series of site-specific simulation experiments to analyze and compare the simulated canopy temperatures

to observational data from two experiments, namely the Hot Serial Cereal (HSC) experiment and the China Wheat experi-240

ment. The setup of the two experiments are described in Sect. 2.7. For the HSC simulations we use GFDL-ESM4 climate data

provided by ISIMIP3b (Lange and Büchner, 2021) over the period from 1901 to 2002 and for the China Wheat simulations

we use the same input data but over the years 1901 to 1983. The subsequent years are driven with the climate data from the

respective experiments (see Sect. 2.7). Any inconsistencies in the time series due to the combination of two different data sets

9
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are deemed to not matter much, as canopy temperatures depend only on short-lived conditions of the vegetation. Furthermore,245

we use prescribed sowing dates as given in the experiment documentations and include the respective experimental harvest

dates by specifying consistent phenological heat unit (PHU) requirements. These have been computed with an adjusted version

of the crop calenders application (Waha et al., 2012; Minoli et al., 2019). The HSC experiment provides up to three measured

LAI values per treatment, which we use to calibrate simulated LAI values. Besides, the HSC simulations did not consider

water or nitrogen limitation as is consistent with the experimental setup under which the data were recorded. The China Wheat250

simulations use two different levels of irrigation. In LPJmL, we try to match the experimental conditions by first simulating

rainfed wheat, where crops are not irrigated and only water from precipitation is available, and secondly using an LPJmL

internal setting for potential irrigation, where the applied water fulfills the plants’ demands. Regarding nitrogen availability, we

use three LPJmL configurations, which enable the simulation of plant growth under the condition that firstly only the nitrogen

available in the soil and from N-depositions can be used, secondly mineral nitrogen fertilizer is applied according to the input255

file for the specific region, and thirdly the plant receives as much nitrogen as demanded. Regarding historical atmospheric N

deposition and historical atmospheric CO2 concentration, we use inputs from Yang and Tian (2022) and Büchner and Reyer

(2022).

For the global simulations, we use GSWP3-ERA5 climate data provided by ISIMIP (Kim, 2017; Hersbach et al., 2018; Lange

et al., 2025), atmospheric N deposition data from Lamarque et al. (2013) and historical atmospheric CO2 concentrations from260

Friedlingstein et al. (2023) for simulations from 1901 to 2004. Only rainfed crops with unlimited fertilizer applications are

simulated.

For all LPJmL simulations, we use historical land-use patterns generated with the LandInG toolbox (Ostberg et al., 2023).

2.7 Evaluation details and reference data

One challenge in choosing the polynomial type and the number of parameters for the emulation is to select them in such a265

way that the model’s predictive performance is strong while avoiding overfitting of the model. We therefore provide a cross

validation of the emulators. For this, we drive both EBSC model simulations and emulators with a validation dataset which is

independent from the training data set and which has a size of 45000 data points. We created the validation dataset applying

the same selection method as for the training data set, but on a separate subset (Sect. 2.2 and Sect. 2.3). We then use a linear

regression of the emulated values on the values simulated with the EBSC model to evaluate the emulators’ performances. First,270

we analyze the square root of the mean squared error (RMSErp, Eq. (13), Sect. 2.8). Additionally, we evaluate the regression’s

intercept and slope (Sect. 3.1, Fig. 1).

Furthermore, we analyze which value ranges of the different input data variables lead to emulated canopy temperatures that

differ by more than 2 K from the EBSC canopy temperatures. For this, we first select the respective cell-days from the assem-

bled input dataset showing these differences. We then compare the values of the different input variables, namely radiation,275

temperature, wind, VPD, LAI, and maximum height of the subset to the respective variable values of the whole input dataset

by plotting cumulative density functions. These finally reveal differences in the distribution of the subset compared to the full

set for each of the input variables (Sect. 3.1, Fig. 2).
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For the site-specific evaluation of simulated maximum canopy temperatures in LPJmL (Sect. 3.2.1), we use data from two dif-

ferent experiments. Here, site-specific denotes the simulation of only those cells (with a spatial resolution of 0.5°) that include280

the experimental sites and that are driven with the respective site-based experimental data. For all inputs relevant for LPJmL

that are not provided by the measurement-based inputs, such as data on nitrogen deposition, we use daily and spatially averaged

values of the respective cells obtained from multiple sources (e.g. ISIMIP, as explained in more detail above). We only validate

daily maximum canopy temperatures, as daily mean values are not included in the experimental data. Firstly, we use data from

the Hot Serial Cereal (HSC) experiment, which was conducted in Maricopa (Arizona, USA) (Wall et al., 2011; White et al.,285

2011; Kimball et al., 2012, 2015; Ottman et al., 2012). A spring wheat cultivar was planted approximately every six weeks

from March 2007 to January 2009. To avoid water and nutrient limitations, the plants were irrigated with water supplemented

with nitrogen fertilizer using a surface drip irrigation system (Wall et al., 2011). Daily data sets on solar radiation, minimum

and maximum canopy temperature, minimum and maximum air temperature at 2 m height, dew point, and wind speed at 2 m

height are based on measurements from a weather station located in the experimental field and were supplemented with data290

from the AZMET weather station for times in which the on-site weather station was not available (Kimball et al., 2012). The

HSC experiment also provides data for heated plots, where the plants were heated with IR heaters by additional 1.5°C in the

day and 3°C in the night. However, in this work we only use the data from the control plots, i.e. which were not heated, as was

done in Webber et al. (2017). For the analysis, we compute the RMSEso between simulated and observed values (Eq. 14, Sect.

2.8), which was also used in Webber et al. (2017). Secondly, we use data from the China Wheat experiment. It was performed295

in 1985 and 1986 at five different locations in the North American Great Plains, namely Lethbridge (Alberta, Canada), Mandan

(North Dakota, USA), Tryon (Nebraska, USA), Manhattan (Kansas, USA), and Lubbock (Texas, USA). Two cultivars of winter

wheat were grown under four different nitrogen levels and three different irrigation regimes. However, we restrict our analysis

to two water level regimes and only include experiments in which the crops were grown under limited (lowest) water availabil-

ity and under well-irrigated conditions (highest water availability). Furthermore, we pool the results from experiments where300

two different intermediate nitrogen levels were applied, to harmonize the number of nitrogen levels with the three possible

fertilizer application settings in LPJmL. We use canopy temperatures that were measured daily between noon and 4 pm local

time with an infrared thermometer. Air temperature, humidity, wind speed, and radiation were measured at 2 m height every

minute and were then aggregated to provide daily averages and/or totals, except for air temperature, where daily minimum and

maximum values are reported. More details are provided in Reginato et al. (1988).305

For the global evaluation of simulated mean and maximum canopy temperatures in LPJmL (Sect. 3.2.2), we use skin tempera-

tures and 2 m air temperatures from ERA5 data. Skin temperatures represent the temperatures of the uppermost surface layer

of the Earth, i.e. over land the vegetation layer, the top layer of bare soil, or the top layer of the snow pack. More information is

given in Hersbach et al. (2018). ERA5 provides data starting only in the year 1940. To enable continuous LPJmL simulations

from 1901 onwards (as needed for the spinup procedure, see Sect. 2.6), we use a processed dataset from ISIMIP. In this dataset,310

the years from 1901 to 1978 have been filled with daily GSWP3 data bias-adjusted to ERA5, using ISIMIP3BASD v2.5.1 (Kim,

2017; Hersbach et al., 2018; Lange et al., 2025). For the evaluation of simulated canopy temperatures, we select the year 1990.

As in Drüke et al. (2021), we use skin temperatures as a proxy for canopy temperatures and assume they should be identical.
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We first compare simulated canopy temperatures to ERA5 skin temperatures for cells with a land cover share of minimum 20%

for rainfed wheat, and minimum 10% for all other crops, and with LAI values between 2 and 3.5 - 6.5 (depending on the crop315

specific maximum LAIs between 4 and 7) to catch the main growing season. Second, we analyze, whether skin temperatures

in these cells are better represented by simulated canopy temperatures than by 2 m air temperatures. For this, we analyze the

intercept, slope, coefficient of determination (R2), and RMSErp (Sect. 2.8, Eq. 13) of a linear regression of simulated canopy

temperatures or air temperatures, respectively, on skin temperatures. Furthermore, we compute the mean squared deviation

(MSD), squared bias (SB), nonunity slope (NU), and a lack of correlation (LC) (see Sec. 2.8).320

2.8 Evaluation metrics

For the analysis we mainly use nine metrics. Two of them are the intercept and slope of a linear regression, which give

information about a potential offset and rotation of the regressor values relative to the values of the independent variable. We

also analyze the coefficient of determination (R2) as a third metric. Two more metrics both relate to the computation of the

square root of the mean squared error (RMSE). One of the RMSEs is related to the linear regression, as follows325

RMSErp =

√√√√ 1

N

N∑

i=1

(yr,i − yp,i)2, (13)

where yr,i is the ith value of the regressor (in this study emulated canopy temperatures) and yp,i the ith predicted value from

the regression. The other RMSE relates simulated and observed data:

RMSEso =

√√√√ 1

N

N∑

i=1

(ys,i − yo,i)2, (14)

where ys,i is the ith simulated and yo,i the ith observed value. RMSErp gives information about the performance of the linear330

regression, whereas RMSEso provides insights into the differences or similarities between simulated and observed data.

Furthermore, we apply the metrics squared bias (SB), nonunity slope (NU), and lack of correlation (LC), which are measures

for translation, rotation, and scatter between two data sets. The sum of these three metrics is the mean squared deviation (MSD),

which can also be expressed as the sum of squared deviations between values on the x axis (i.e. skin temperatures in Sec. 3.2.2)

and values on the y axis (i.e. simulated canopy temperatures or 2 m air temperatures, respectively, in Sec. 3.2.2), divided335

by the number of data points. It provides information on the equality between the two datasets. A more detailed explanation

containing examples is provided by Gauch et al. (2003).

3 Evaluation

3.1 Performance of the emulators

The results of the cross validation of both mean and maximum emulators are shown in Fig. 1. The slopes of the linear fits are340

near one and intercepts are near zero for all cases, i.e. both for lower and upper canopy temperature limits and both temperature
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Figure 1. Comparison of canopy temperature outputs from the rebuilt EBSC model and the emulators for lower (first column) and upper

(second column) limits. Plots in the first row represent daily mean values, plots in the second row daily maximum values. Red dots mark

emulated canopy temperatures that differ more than 2 K from the EBSC results. Values for intercept, slope, and RMSE correspond to the

respective linear fits (purple lines). The figure shows cross-validation results that have been produced with a validation input dataset which

is independent from the training dataset.

ranges (daily mean and maximum values). Additionally, RMSEs are low for all limits (0.47 to 1.08 K). We conclude that, in

general, the emulators represent the EBSC model results very well. Medium to large deviations, here defined as emulated

results that differ more than 2 K from the EBSC model’s results (see Fig. 1, red dots), are most pronounced for the upper

canopy temperature limit of the maximum emulator, and are mainly caused by low wind speeds (Fig. 2). This seemingly weak345

point, however, reflects the emulator’s capability to reproduce the characteristics of the EBSC model, which is prone to errors

at low wind speeds (Webber et al., 2016).

3.2 Simulated canopy temperature in LPJmL

3.2.1 Site-specific comparison of simulated and observed differences between canopy and air temperatures

The developed emulators for lower and upper canopy temperature limits can easily be used in global models. We apply the350

innovative method in the global model LPJmL and show the results in this section. We test whether the emulators used in

LPJmL provide meaningful results and compare the simulated final canopy temperatures with observed data. For this, we use
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Figure 2. Cumulative density functions of the input variable values entering the upper canopy temperature limit emulator. Only input data

for the cross-validation of daily maximum values are shown here. Black lines show input values of the full dataset, while red lines show only

input values that lead to emulated canopy temperatures differing more than 2 K from EBSC results. Red lines correspond to red dots of the

bottom-right subplot in Fig. 1. A steeper/flatter increase of the red lines compared to the black ones means that the corresponding variable

value ranges lead to more/less errors in the emulated canopy temperature results.

canopy temperature data from two experiments and analyze the differences ∆T between canopy temperatures and near-surface

air temperatures (∆T = Tc −Ta). Negative ∆T values represent cooling effects, i.e. the canopy temperature is lower than the

air temperature, while positive values represent heating effects.355

1. Observational data from the HSC experiment The HSC experiment was conducted in Maricopa (Arizona, USA), where

the climate is hot and arid. These quite specific conditions allow for a high water vapor pressure deficit, which allows the

canopy to cool down when water stress is low. This effect can be seen in the observational data for irrigated wheat (Fig. 3).

The simulated values generally reproduce this effect and are quite close to the observational data. However, the simulated

values show a bias towards overestimating ∆T . Qualitative deviations, where simulated canopy temperature differences show360

cooling effects while the observations show heating effects, are especially for cases where even observed canopy temperature

measurements of replicates differ by up to 4.5 K (that have experienced almost the same treatment, with some deviations such

as small differences in irrigation amounts).

2. Observational data from the China Wheat experiment In this section, we use data from the China Wheat experiment in

order to validate the approach’s capacity to reproduce both cooling and heating effects. Figure 4 shows ∆T for different levels365

14

https://doi.org/10.5194/egusphere-2026-1898
Preprint. Discussion started: 18 May 2026
c© Author(s) 2026. CC BY 4.0 License.



−10 −5 0 5

−
10

−
5

0
5

Simulated ∆T [K]

O
bs

er
ve

d 
∆T

 [K
]

RMSE = 3.6

Figure 3. Comparison of simulated and observed differences ∆T between canopy temperatures and air temperatures (∆T = Tc −Ta) in

Maricopa (Arizona, USA). Each black dot represents a measurement on a certain day for a specific plant. Blue lines show ranges of observed

∆T on a specific day for replicates that have experienced approximately the same treatment in the experiments. As replicates are treated

equally in LPJmL, several observed ∆T values of replicas correspond to only one simulated value per day.

of nitrogen and water availability and different locations. In general, the extended LPJmL model is capable of reproducing

both canopy temperatures that are higher and lower than near-surface air temperatures. When water is scarce and the nitrogen

availability low (Fig. 4, top left plot), observations show mainly heating effects (66%, as opposed to 34% cooling effects). The

heating effects are very well reproduced by the simulations, which is reflected by the very high rate of true positives (70%)

and a low rate of false negatives (2%). The simulations hardly show any cooling effect and reproduce only 5% of the observed370

negative ∆T values. For higher nitrogen levels and rainfed conditions, observed heating effects are still well captured by the

simulations (true positives with relatives rates of 65% and 66%). For high nitrogen and high water availability (Fig. 4, third

row, right-hand plot), cooling effects dominate over heating effects in the observations (76% over 24%). These dominating

effects are reproduced by LPJmL with a true negative rate of 55%. For a medium nitrogen level and a high water level (plot in

the right-hand column of the second row), simulated ∆T values show mainly heating effects while observations have a clear375

tendency towards cooling effects. However, the observed ∆T values of experimental replicates here also span wide ranges, of

which some even stretch from positive to negative ∆T s.

3.2.2 Global assessment of simulated canopy temperatures

In order to analyze the applicability of the emulator approach in LPJmL at the global scale, we compare simulated canopy

temperatures to a global dataset of ERA5 skin temperatures, which reflect the Earth’s topmost surface layer (as described in380

Sec. 2.7). Furthermore, we examine whether simulated canopy temperatures reproduce the skin temperatures more accurately

than the 2 m air temperatures do, to evaluate whether the net benefit of employing simulated canopy temperatures outperforms

the established use of the standard air temperatures.

The simulated wheat canopy temperatures in LPJmL (Tc) show a greater variation than the ERA5 2 m air temperatures (Ta)

when compared to ERA5 skin temperatures (Skt) (Fig. 5). For daily mean temperatures (Fig. 5, first row), Tc overestimates385
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Figure 4. Comparison of simulated and observed differences ∆T between canopy temperatures and air temperatures (∆T = Tc −Ta) at

five different locations (Lubbock, Texas (TX); Lethbridge, Alberta (AB); Manhattan, Kansas (KS); Mandan, North Dakota (ND); Tryon,

Nebraska (NE)) and for different levels of nitrogen and water availability. Negative values indicate cooling effects of the canopy, whereas

positive values show heating effects. Vertical lines represent ranges of observed replicates’ values at a specific day and location, respectively.

For replicates, the same simulation settings are used in LPJmL. Thus, several observed ∆T values of replicas correspond to only one

simulated value. Grey lines divide the plots into four qualitative parts, where the top right and the bottom left quarters indicate true positives

and true negatives, i.e. simulated ∆T values that reproduce the heating and cooling effects of the observations. Top left and bottom right

quarters include false negatives and false positives. Numbers in the corners indicate the share of heating/cooling effects, that have (top

right/bottom left) or have not (top left/bottom right) been reproduced by the simulations in percent. The numbers indicating these shares in

the upper or lower half, respectively, do not sum up to 100% as some simulated ∆T values equal zero. Numbers above and below the zero

line show the relative amounts of observed positive and negative ∆T values in percent.

Skt, while Ta overestimates Skt at lower but underestimates it at higher temperatures. Both slopes are around one, however,

canopy temperatures show a stronger bias compared to air temperatures due to a greater positive shift. When looking at daily

maximum skin temperatures (Fig. 5, second row), Ta clearly underestimates Skt with an increasing bias for rising temperatures,

while Tc matches Skt quite well with only a very small positive, constant bias. This means that, especially for high temperatures

that are important for heat stress related processes, Tc represents Skt values well whereas Ta significantly underestimates Skt .390

These results are also reflected in the components of the mean squared differences, which can be partitioned into a lack of

correlation (LC), a mean squared bias (SB), and a nonunity slope (NU). LC, which is associated with the spread between Skt

and Tc or Ta, is higher for daily maximum temperatures than for daily mean temperatures and higher for Tc than for Ta for all
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Figure 5. Comparison of simulated wheat canopy temperatures computed in LPJmL (Tc, first column) and ERA5 2 m air temperatures (Ta,

second column) to ERA5 skin temperatures (Skt), respectively. Both daily mean (first row) and daily maximum (second row) temperatures

are shown. Each dot refers to one day and cell of a global grid, where rainfed wheat has a share of minimum 20%. Simulated canopy

temperatures correspond to rainfed wheat only, whereas ERA5 skin temperatures are based on the total surface area of the respective cells.

crops except for cassava and field pea (Fig. 6 and Fig. B2 - B4). Daily mean Ta shows a smaller MSD than daily mean wheat

Tc, mainly due to the substantially smaller squared bias. Tc MSDs, and their relation to Ta MSDs, of soybean, rice, rapeseed,395

and groundnut is approximately similar, while the MSD of groundnut Tc is a bit higher compared to the other crops. For the

remaining crops, i.e. maize, sugarcane, sugar beet, cassava, millet, sunflower, and field pea, the differences in MSDs of Ta and

Tc are not as clear cut and both perform very well (Fig. B2, B3, B4). When looking at daily maximum values, Tc performs

significantly better than Ta, which applies to all crops tested in this study. This is mainly due to the comparatively very small

SBs, but also because of very small NU values.400

4 Discussion and conclusions

In this study, we describe a novel approach to compute canopy temperatures of crops, whose low computational costs makes

it suitable for use in global, computationally expensive models. For this, we provide canopy temperature emulators that are

based on a complex energy-balance approach correcting for atmospheric stability conditions and validated in LPJmL. The em-

ulators are applicable to a wide range of weather conditions, as they are trained on a large dataset including historic and future405
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Figure 6. Mean squared differences between ERA5 skin temperatures and simulated canopy temperatures (Tc) or ERA5 2 m temperatures

(Ta) for daily mean and daily maximum values.

conditions. However, when used with data outside or at the borders of the training range, the emulators should be used very

cautiously as they can easily produce artifacts. We therefore recommend that the global models using the emulators incorporate

thresholds for different variables that restrict canopy temperatures once the limits are exceeded, following the methodology

applied in this study.

We show, for wheat, that the emulator approach in LPJmL can reproduce both observed heating and observed cooling effects410

and that the simulated canopy temperature dynamically responds to the water and nitrogen status of a crop. However, there

are deviations between simulated canopy temperatures and observed values for all experimental sites, which can have different

potential causes. First, observed and simulated canopy temperatures potentially relate to, at least partially, different climatic

conditions, resulting from the temperature and radiation related assumptions made in this study. While we think that the co-

incidence of daily maximum air and daily maximum canopy temperature at 3 pm and a sinusoidal radiation curve are valid415

approximations in global scale applications, the error they cause might be exposed in comparison to case-specific observa-

tions. Second, the growth and development of crops in LPJmL very probably differs from the observations, which can have

significant effects on LAI and water stress. We reduce the error by using sowing date inputs and information on maturity from

both experiments. In the HSC simulations, we achieve an even greater reduction by combining these dates with a calibration

of LAI, which was however not possible in the China Wheat simulations due to a lack of data. Third, in LPJmL simulations,420

we use a combination of various configuration settings and global inputs that together are intended to represent a specific

agricultural management system. One of the tunable settings of this management, for example, would be the level of nitrogen
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availability. As we do not use the exact management related data from the experiments, such as the amount of fertilizer ap-

plied, the simulated growing conditions deviate from the experimental conditions, to a lesser or greater extent depending on

the specific setting and input. We decided for this option to evaluate whether LPJmL can qualitatively reproduce the results425

within its setting options. Lastly, Webber et al. (2025) show a systematic bias towards underestimation of simulated water use

by analyzing several crop models that simulate daily evapotranspiration (ET) based on different approaches. The study finds

that this bias is particularly pronounced under well-watered conditions. Though the LPJmL model was not part of the study of

Webber et al. (2025), these findings could also apply here as LPJmL simulates ET based on reference crop estimates, as some

of the evaluated models do, which causes errors in ∆T .430

Variabilities between simulations and observations have also been reported in a comparison study by Webber et al. (2017),

which compares different approaches to compute wheat canopy temperatures in different models. They show that in total,

i.e. for the combined model results per approach, the EBSC approaches perform best, followed by empirical approaches and

simple energy balance approaches. Comparing the RMSEs between simulated and observed canopy temperatures in Maricopa

of LPJmL (RMSE = 3.6) and the models using EBSC approaches presented in Webber et al. (2017) (RMSE = 1.4-4.4) reveals435

that the performance of LPJmL ranks between the three EBSC models. It performs worse compared to the two models that use

the EBSC approach on which the emulators are based on. This is not surprising, as an emulator cannot outperform its parent

model. However, LPJmL performs substantially better than a different EBSC-model-combination and performs significantly

better than all EBN models evaluated in the comparison study. It is important to reiterate that the comparison concerns the com-

bination of methodology and model and that it is not the results of the different canopy temperature approaches themselves.440

For example, the definition and computation of water stress in LPJmL has an impact on the results of the simulated canopy

temperatures. Our results therefore show that the synergy between our developed emulator approach and LPJmL performs well

compared to the previously analyzed approaches embedded in the corresponding crop models.

Executing the further developed LPJmL model globally for 100 years and with a spatial resolution of 0.5° requires additional

compute time of approximately 3% compared to a baseline simulation, where only near-surface air temperatures are used.445

Thus, with the emulator approach, canopy temperatures can now be computed and used in LPJmL without significantly in-

creasing the runtime. For the scaling between upper and lower canopy temperature limit to compute final canopy temperatures,

we use a water stress factor that uses the relation between the actual canopy conductance computed in LPJmL and the theoret-

ical optimal canopy conductance for a specific LAI. We consider this type of scaling most consistent with the original EBSC

approach. Other water stress factors, such as one that relates actual and potential transpiration, might also be applicable.450

For the global-scale evaluation, we compute mean squared deviations (MSDs) for simulated canopy temperatures and ERA5 2

m air temperatures, both compared to ERA5 skin temperatures. For simulated wheat canopy temperatures, the lack of correla-

tion (LC) is higher than for 2 m air temperatures, both for daily mean and daily maximum values. This also applies to most of

the other crops examined in this study. We included LC for completeness, however, we think that it is not a relevant metric to

evaluate the skill of LPJmL to globally simulate canopy temperatures. This is because we have limited ability to harmonize the455

underlying assumptions between ERA5 and LPJmL simulations, due to a lack of information. This particularly concerns the

vegetation structure and status ERA5 data is based on, such as the distribution of natural vegetation, land-use patterns, and the
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canopy status of a crop, especially with regard to LAI and water stress. As these matter for the canopy temperatures and may all

mismatch to some extent, we don’t expect that we can exactly reproduce the variation of skin temperatures. The NUs for daily

mean ERA5 air temperatures and simulated wheat canopy temperatures are both very small. However as the SB is significantly460

smaller for Ta compared to Tc, daily mean ERA5 air temperatures perform better compared to daily mean canopy tempera-

tures. From this, we conclude that, for wheat, daily mean 2 m air temperatures are a better approximation for daily mean skin

temperatures. The same applies to soybean, rice, rapeseed, and groundnut. For the other crops, Ta performs only slightly better

and the MSDs of both Ta and Tc are relatively small. This outcome confirms that using daily mean air temperatures to derive

the water stress factor needed for the computation of the canopy temperature is a valid simplification we apply in LPJmL. It465

also indicates that when simulating canopy temperatures on a daily timestep and with a spatial resolution of 0.5°, sticking with

2 m air temperature inputs in processes that are driven by mean temperatures might be a better choice. In contrast, for all crops,

daily maximum canopy temperatures significantly better reproduce maximum skin temperatures compared to daily maximum

air temperatures, which we think is a clear improvement. This becomes especially pronounced at high temperatures, due to

the comparatively small non-unity slope and the very large improvement in the squared bias compared to the respective MSD470

components of the air temperature.

Overall, the developed emulators provide a robust and lightweight option to compute canopy temperatures in global crop

models. This allows the incorporation of actual canopy temperatures into temperature-dependent processes, particularly those

related to heat stress, in large-scale crop model applications. This constitutes a solid basis for better simulating the impacts of

high temperatures on crop growth and yield. Considering actual daily maximum canopy temperatures instead of near-surface475

air temperatures can help to avoid underestimating climate impacts, especially under drought conditions.

Code and data availability. The source code of the rebuilt EBSC model, the emulators, and LPJmL as described in this study is available at

https://doi.org/10.5281/zenodo.18937839 (Hemmen et al., 2026) and is licensed under the GNU Affero General Public License v3.0 or later.

The maximum crop height data was compiled from National Plant Germplasm System, United States Department of Agriculture-Agricultural

Research Service (2025) and Byrne et al. (2018). The respective accession numbers are provided in the Supplement. The climate data from480

the ISIMIP3b data set are available from https://data.isimip.org/10.48364/ISIMIP.842396.1 (Lange and Büchner, 2021).
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Appendix A: Parameter values and variable units

Table A1. Maximum heights of different crops used as input in the EBSC model and the emulators. Sources of crops marked with * are

National Plant Germplasm System, United States Department of Agriculture-Agricultural Research Service (2025) and Byrne et al. (2018).

Crop
Maximum

height
Source

Cassava 2.5 m Pongsivapai et al. (2016)

Groundnut 0.4 m Lieberei et al. (2007)

Sugarcane 5 m Lieberei et al. (2007)

Maize 2.2 m *

Millet 1.6 m *

Pea 1.0 m *

Rapeseed

(Brassica)
1.3 m *

Rice 1.1 m *

Soybean 0.9 m *

Sugarbeet 0.3 m *

Sunflower 2.1 m *

Wheat 1.1 m *

Table A2. Units and conditions of the variables used in the ordinary least squares fit and therewith corresponding to the derived parameter

values listed in Table A3 and Table A4.

Input variable Unit Condition

canopy temperature limit °C

radiation W/m2 net radiation

near-surface air temperature °C at 2 m height

wind speed m/s at 10 m height

vapour pressure deficit kPa

leaf area index m2/m2

maximum height m at maturity
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Table A3. Parameter values of the emulator representing the daily mean / daily maximum lower canopy temperature limit.

Term Corresponding parameter value (mean / maximum) Term Corresponding parameter value (mean / maximum)
Intercept 0.684738629964106 / 0.335499806107242 LAI · T2 7.02513304605671e-05 / 3.02818676194859e-05

R 0.0238257241845737 / 0.0177118632192518 H · T2 -8.52108910466774e-05 / 4.91111517515602e-06
T 0.979442593610725 / 1.13363321594806 R · W2 -0.000370985873459898 / -0.000196398310315102
W 0.424136320631572 / 0.885945332166679 T · W2 -0.00124707201166279 / 0.0053432713082662

VPD -1.98165531732936 / -2.5295482937045 VPD · W2 0.108561714526047 / 0.0219786139240005
LAI -0.464528073458259 / -1.00751368780178 LAI · W2 -0.00132870062225791 / 0.00375486500339963
H -0.754608160742413 / -0.54279847889252 H · W2 0.00520401914828577 / -0.000300448260456604
R2 -9.44061068285206e-05 / -4.59459188249794e-05 R · VPD2 0.0010330439796772 / 0.000167319141876229
T2 -0.00174754820852831 / -0.00734879684534497 T · VPD2 0.0108324713718574 / 0.0188273223906645
W2 -0.070825455126643 / -0.0720252139007607 W · VPD2 -0.0156377861877198 / -0.0503351790124593

VPD2 -0.393446083839767 / -0.373666664716829 LAI · VPD2 -0.000687292903273528 / 0.013019580317415
LAI2 0.152415964418906 / 0.337190557092204 H · VPD2 0.0272852478093777 / 0.018202920435506
H2 0.273190377993691 / 0.218964285660971 R · LAI2 7.736095495361e-05 / 6.15635728409753e-05
R3 9.07247563839932e-08 / 1.19256789787197e-08 T · LAI2 -0.00116383357003676 / 0.000300955415487673
T3 6.47691040505406e-05 / 0.000153084241073099 W · LAI2 0.0162250907310742 / 0.019386376778815
W3 0.00432101840215569 / -0.00031482838499385 VPD · LAI2 0.0658622040335229 / 0.0385435799754048

VPD3 -0.0169096986037111 / -0.0267441593955635 H · LAI2 -0.00587867646765619 / -0.0045796577422814
LAI3 -0.0129652948888963 / -0.0276418924345715 R · H2 0.000362059507275255 / 0.000223699910849714
H3 -0.0292182378046877 / -0.0235347650377727 T · H2 -0.000867245645110482 / -0.000973807025638765

R · T -2.49802501549612e-05 / 0.000328843493408458 W · H2 -0.00831032582577907 / -0.00246722167298038
R · W 0.0021334007280068 / 0.00253216041699921 VPD · H2 -0.0412102307472056 / -0.0231204288210232
T · W 0.0111424266140398 / -0.0360284007746833 LAI · H2 0.00213455714194835 / 0.00185054253433549

R · VPD 0.00852333254844296 / 0.00358640063253502 R · T · W -6.87164907853102e-05 / -0.000152203404572209
T · VPD 0.0813163320277646 / 0.0995783203701648 R · T · VPD -7.8804795094112e-05 / -0.000104971941843597
W · VPD -0.665901941095188 / -0.477377144592702 R · W · VPD -0.00078504405395761 / 0.000362252313838042
R · LAI 0.000100224568748763 / -0.000422370499479933 T · W · VPD 0.00694589065001527 / 0.0161995426769113
T · LAI 0.00188998392274073 / -0.0091973061844597 R · T · LAI -3.05884116244213e-05 / 8.8092037991244e-06
W · LAI -0.127036901741507 / -0.21901853162744 R · W · LAI 0.000184224764567332 / 0.00011162215897887

VPD · LAI -0.674830377465252 / -0.344698645458475 T · W · LAI 0.000897678488249315 / -0.000708874055023871
R · H -0.00410005727344349 / -0.00282308361531423 R · VPD · LAI 0.000317118218215186 / -0.000201759716701147
T · H 0.0021682139371747 / 0.00392328191307234 T · VPD · LAI 0.00982136124671707 / 0.00357499736331164
W · H 0.0597937304639833 / 0.0386377300967347 W · VPD · LAI -0.0916799884652602 / -0.0489669806978538

VPD · H 0.4567970683386 / 0.255384078068201 R · T · H 6.9495725761049e-05 / 3.57510407303981e-05
LAI · H 0.0166280132921359 / -0.0267510563926032 R · W · H -3.05955023393419e-05 / -7.17374317926158e-05
T · R2 2.58410909677867e-06 / 8.73211648132386e-07 T · W · H -0.000773610419593476 / -0.00115810137527362
W · R2 7.92674275800157e-06 / 3.02624895560436e-06 R · VPD · H -0.000181278868313015 / -0.000191522508760132

VPD · R2 -2.47380225994339e-05 / -2.13771687466589e-06 T · VPD · H -0.00503912440544421 / -0.00458532950408962
LAI · R2 -2.12176392679634e-06 / 3.35708188275551e-08 W · VPD · H 0.00457508606831037 / 0.0297275271507688
H · R2 -6.14975941182877e-07 / 9.82799882271981e-07 R · LAI · H -3.2032802401298e-05 / -3.66696712298234e-05
R · T2 -1.24460569447719e-05 / 6.16392329277969e-06 T · LAI · H 0.00158092912469135 / 0.00162244615085394
W · T2 -8.14178109201921e-07 / 0.000248595705594688 W · LAI · H -0.0053144780767882 / 0.00331012001955864

VPD · T2 -0.00156075338890622 / -0.00260224547239092 VPD · LAI · H -0.0212962135011556 / -0.0171504739425066
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Table A4. Parameter values of the emulator representing the daily mean / daily maximum upper canopy temperature limit.

Term Corresponding parameter value (mean / maximum) Term Corresponding parameter value (mean / maximum)
Intercept 1.57294631444757 / 1.19294101105091 LAI · R2 -4.8041733996011e-06 / -2.42835751070472e-06

R 0.0215907803831365 / 0.00547724925045655 H · R2 3.18331295385831e-06 / 2.25339210134643e-06
T 0.959197030517232 / 0.996899566609795 R · T2 -5.56236232454854e-06 / -1.26162095997905e-06
W 0.646165184710429 / 2.02531928613433 W · T2 -0.000211286604898744 / 0.000334474059186617

LAI -0.850956452607541 / -1.11525704338414 LAI · T2 -3.97785272027009e-05 / -0.000139229749596059
H -1.6891060886083 / -2.15805534174577 H · T2 -0.000119226034280661 / -0.000259398851172051
R2 -7.63633065147557e-05 / -2.52738596950725e-05 R · W2 -0.000680742358364853 / -0.000592367548017471
T2 0.000198008049330144 / 0.000552687105730965 T · W2 -0.00302706128362604 / 0.000132379565485438
W2 -0.19508448928111 / -0.407553848908752 LAI · W2 -0.0360698543145224 / -0.0407024107089903

LAI2 0.221504574058072 / 0.295346035616088 H · W2 0.0281158944365907 / 0.0705829796694067
H2 0.940296845415715 / 1.4971921077902 R · LAI2 -0.000239291383930677 / -0.000225996115685937
R3 5.09077630190997e-08 / 1.58210592791247e-08 T · LAI2 0.000776693178493996 / 0.00157276531513076
T3 2.23464226281022e-05 / -1.08516930914652e-05 W · LAI2 0.0419982079957769 / 0.0610309983889868
W3 0.0203162526973146 / 0.027653486908925 H · LAI2 -0.00329631005508651 / -0.00699056254750224

LAI3 -0.0220806046954664 / -0.0319303841246007 R · H2 0.00108516622495528 / 0.000662350780325776
H3 -0.126934427374181 / -0.216622965417301 T · H2 0.000440370193117213 / 0.00169853872632537

R · T 2.07414789606958e-05 / 0.000120278218954617 W · H2 -0.0124497325684132 / 0.0287972793787918
R · W 0.00275490700320539 / 0.0061652854251486 LAI · H2 0.0173574767443609 / 0.0210689719519521
T · W 0.0268809018783207 / -0.00916518268479086 R · T · W 2.64382061397449e-06 / -4.35948243795216e-05

R · LAI 0.00167531664304276 / 0.00109911381750646 R · T · LAI 6.42044087367724e-06 / 3.52774815366676e-05
T · LAI -0.00213911087413184 / -0.0025611838700471 R · W · LAI 0.000807437320911396 / 0.000556238267869921
W · LAI -0.0375028992555271 / -0.0785804320839716 T · W · LAI -0.000256931648483477 / -0.00168750248054969

R · H -0.00812126429013598 / -0.0037662266098979 R · T · H 2.27898533986115e-05 / -4.89970654807385e-06
T · H -0.000301915081884917 / 0.00157500078419495 R · W · H -0.000504784031825883 / -0.000789791225985831
W · H -0.00994163372943662 / -0.58461292898057 T · W · H 0.000661445613035769 / 0.00365446383607496

LAI · H -0.0384936426414885 / 0.016059049354213 R · LAI · H 4.02992821059829e-05 / 4.07303409202784e-05
T · R2 7.25198506959094e-07 / 4.32197814310046e-08 T · LAI · H -0.000398953702700531 / -0.00206459434696308
W · R2 1.02219334698971e-05 / 1.77370782650859e-06 W · LAI · H -0.0251277275969917 / -0.0267663544999401
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Appendix B: Additional figures
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Figure B1. Selected cells (a) and corresponding variable values (b, c) used to drive the EBSC model and to train the emulators. The selection

of cell-day cases was done as described in Sec. 2.2. Colors indicate how many times a cell appears in the assembled global input dataset,

whereas gray colors show cells that are not considered. The histograms show spatially averaged cell-day values of the training dataset used

to receive daily mean (b) and daily maximum canopy temperature limits (c).
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Figure B2. Same figure as Fig. 6, but for wheat, maize, soybean, and rice.
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Figure B3. Same figure as Fig. 6, but for sugarcane, sugar beet, cassava, and rapeseed.
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Figure B4. Same figure as Fig. 6, but for millet, groundnut, sunflower, and field pea.
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