
1. Introduction
The land system sequesters approximately 25% of anthropogenic CO2 emissions (Le Quéré et al., 2018), thus 
slows the increase of atmospheric CO2 concentration and global climate change. However, it is highly uncertain 
how the terrestrial carbon sink strength will change in the future given that warmer global temperatures impact 
vegetation carbon fixation in diverging ways whereas higher CO2 concentration leads to higher water use effi-
ciency (Fernández-Martínez et al., 2019; Sperry et al., 2019) and that nutrient limitation modulates vegetation 
responses to elevated CO2 (Terrer et al., 2019). Despite the importance of the magnitude of land net CO2 uptake, 
overall spatial and temporal patterns of global terrestrial carbon sink strength remain poorly understood given 
the lack of direct observations at the landscape scale (e.g., in a grid cell) for the entire globe (D. N. Huntzinger 
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et al., 2013; Wei et al., 2014; Sitch et al., 2015). As a result, the estimation of the global terrestrial carbon sink is 
largely dependent on data interpolation and/or modeling (O’Neill et al., 2016; Taylor et al., 2012).

Net ecosystem exchange (NEE) is the difference between gross primary productivity (GPP) and total ecosys-
tem respiration (TER): NEE  =  GPP  −  TER. Since TER cannot be directly or indirectly quantified through 
remote sensing observations, research has been focused on correlating the observations to GPP rather than NEE. 
However, global scale GPP products (both data-driven and modeled products) from various studies differ dramat-
ically (Anav et al., 2015; Zhang & Ye, 2021) due to differences in (a) the module choice from various parame-
terization schemes, such as stomatal model (Medlyn, Duursma, & Zeppel, 2011), soil moisture response (Powell 
et al., 2013; Trugman et al., 2018), and canopy structure (Braghiere et al., 2019, 2020; Li et al., 2022), and (b) 
the major drivers used to force the model for data-driven products and meteorological forcing and vegetation 
maps for land surface model (LSM) simulations (D. Huntzinger et al., 2021), such as flux tower data (e.g., Jung 
et al., 2011; Jung et al., 2020; Tramontana et al., 2016) or remote sensing data (e.g., Zhang et al., 2017). Further-
more, the rapidly changing climate and increasing atmospheric CO2 make it more challenging for the models to 
agree (Anav et al., 2013, 2015; Arora et al., 2013; Jones et al., 2013; Zhang & Ye, 2021).

GPP difference caused by module choice may be considered as a result of the various forms of forcing data. 
For example, eddy covariance flux towers provide relatively high quality half-hourly carbon and water fluxes 
(Baldocchi, 2020; Baldocchi et al., 2001), but are too sparsely distributed; and modelers have to rely on data inter-
polation for global interpretation. Also, GPP is not directly measured but partitioned from NEE using nighttime 
values to proxy TER, and this partitioning could result in biased GPP estimates (Wehr et al., 2016). In compar-
ison, spaceborne remote sensing data provide high spatial coverage (Schimel et al., 2015, 2019), but often have 
coarse temporal resolution and cannot directly measure carbon or water flux. Statistical models that attempt to 
quantify GPP from remote sensing data often have to rely on empirically correlating GPP with various quantities 
based on reflectance and/or fluorescence (e.g., Gentemann et al., 2020; Jung et al., 2020; Turner et al., 2006). As 
a result, a satisfactory approach to set up LSMs consistently at the global scale is lacking, and model-observation 
comparisons are inconsistent. In theory, if the LSMs can correctly parameterize the vegetation processes and 
are calibrated using the same high quality flux and meteorological forcing data, these models should be able to 
predict similar GPP once their model parameters (e.g., leaf area index, plant functional type distributions, leaf 
photosynthetic capacity, and plant hydraulic traits) are optimized for the input data. Currently, high quality carbon 
and water flux data are sparse, which makes model calibration and development challenging. Therefore, a key 
step for improving land modeling is to (a) equip LSMs with features to simulate observations corresponding to 
multiple data sources and (b) calibrate the LSMs by minimizing the model-data mismatch.

Remotely sensed data that are useful to constrain vegetation carbon and water fluxes at regional and global scales 
are mostly based on observed reflected radiances, emitted radiances, and optical depths of vegetation canopies 
(e.g., Badgley et al., 2017; Konings et al., 2021; Sun et al., 2017). Among the various index and radiance meas-
ures, solar-induced chlorophyll fluorescence (SIF) and near infrared reflectance of vegetation (NIRv) are prom-
ising candidates for estimating GPP given their overall good correlations with GPP (Badgley et al., 2017, 2019; 
Dechant et al., 2022; Doughty et al., 2021; Frankenberg et al., 2011; Sun et al., 2018; Wu et al., 2020). Never-
theless, the intermediate step of translating SIF and/or NIRv to GPP may introduce additional biases given the 
decoupled correlations among them in light saturated environments (Zhang et al., 2016), drought stressed condi-
tions (Helm et al., 2020), cold winters (Magney et al., 2019), and over diversely structured vegetation (Braghiere 
et al., 2021).

Alternatively, a better way to utilize the remote sensing data would be to match modeled canopy fluorescence 
and reflectance at specific wavelengths/bands and even the entire spectra to satellite retrievals directly (Norton 
et al., 2018; Shiklomanov et al., 2021). This, however, requires LSMs to move from simple broadband canopy 
radiative transfer (RT) to a hyperspectral canopy RT in order to utilize spectrally resolved remote sensing data, 
which most existing LSMs are not designed to do. To better benchmark, optimize, and improve the LSMs, 
researchers have adapted LSMs to incorporate various SIF formulations, most of which were based on the Soil 
Canopy Observation of Photosynthesis and Energy fluxes model (SCOPE; van der Tol et  al.,  2009; Parazoo 
et  al.,  2020). These SIF implementations can be categorized to (a) online simulation through bridging LSM 
and SCOPE (Koffi et al., 2015; Norton et al., 2018, 2019) and (b) offline simulation via add-on SIF models or 
emulators (RT for SIF differs from that for photosynthesis) (Bacour et al., 2019; Lee et al., 2015; Qiu et al., 2019; 
Raczka et al., 2019). However, the latter approach discards useful information that hyperspectral and multi-layer 
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RT scheme contains, such as the sun-sensor geometry and vertical profiles of fluorescence and photosynthesis 
yields, which interact non-linearly.

Our recent efforts bridge land modeling and remote sensing observations together in a new LSM as part of a new 
generation Earth system model within the Climate Modeling Alliance (CliMA) (Y. Wang et al., 2021). The new 
model (CliMA Land) can simulate hyperspectral canopy RT in a multi-layer canopy, enabling us to simultane-
ously simulate canopy GPP and transpiration (T) as well as corresponding canopy fluorescence and reflectance 
spectra. CliMA Land improves SIF representation at the canopy scale by accounting for canopy clumping index 
(Braghiere et al., 2021) and well captures the ecosystem net carbon and water fluxes measured at flux tower sites 
(Y. Wang et al., 2021). In particular, the simultaneously simulated GPP, SIF, and NIRv allow for many potential 
studies that were not possible, say the diurnal cycles and correlations among SIF, NIRv, and GPP at various 
temporal resolutions.

In this study, we (a) describe the general model framework of CliMA Land, (b) detail the model setup and simu-
lation procedure, and (c) show our first global run at hourly time step and 1° resolution using CliMA Land. In 
Section 3, we investigate how well CliMA Land captures the spatial patterns of GPP, T, SIF, and other vegetation 
indices. Finally, we discuss potential ways to improve the predictive skills of CliMA Land.

2. Materials and Methods
2.1. CliMA Land Overview

CliMA Land is coded in Julia, a dynamically typed programming language that feels like scripting language 
(Bezanson et al., 2017), and is easier for users to read and modify compared to programming languages such as 
Fortran used in most existing LSMs. The major principle of CliMA Land model design is modularity, for exam-
ple, each component/module of CliMA Land can be used as a stand alone package. We further separate the core 
functions (functions that parameterize the processes) from configuration functions (functions that operate model 
parameters) to allow for users' customization over the parameters; and one can choose whether, when, and how 
to operate the parameters using either in-built or external functions. See Table 1 for the summary of how CliMA 
Land differs from traditional LSMs in its code design and scientific merits. CliMA Land code and documentation 
are publicly and freely available at https://github.com/CliMA/Land (examples provided). For the present study, 
we used the soil-plant-air continuum (SPAC) module of CliMA Land to run global simulations of canopy carbon 
and water fluxes as well as canopy optical properties. The exact version of the model and code to run global 
simulations (model tag A6) are archived at Zenodo (Y. Wang, 2023a).

The SPAC module of CliMA Land (v0.1) consists of four sub-modules: plant hydraulics, photosynthesis, stoma-
tal models, and canopy RT (see Figure 1 for the SPAC module hierarchy). We implement a number of alternative 
parameterization schemes in each sub-module, and users are free to customize the model setup (select appropriate 
schemes) and configuration (configure model parameters) for research at different scales (for instance, one can 
use canopy RT sub-module to simulate canopy light environment without invoking other sub-modules). We note 
that CliMA Land is a model based on plant traits, and the difference among sites or grid cells is represented by the 
changes in traits (such as photosynthetic capacity and hydraulic conductivity) rather than plant functional  types. 
See Section 2.2 and Table 3 for more details of how the traits are implemented and used in CliMA Land.

To date, the SPAC module of CliMA Land has been tested in the following studies: (a) simulating carbon and 
water fluxes as well as SIF with sun-sensor geometry of overpass satellite at two flux tower sites using three 
stomatal models and a multi-layer hyperspectral canopy RT scheme (Y. Wang et al., 2021), (b) implementing 
clumping index to improve SIF simulation (Braghiere et al., 2021), and (c) evaluating how canopy complexity 
impacts canopy carbon, water, and SIF fluxes (Y. Wang & Frankenberg, 2022a). In the present study, we utilized 
these tested functionalities of the CliMA Land to assess how well the model performs at the global scale, regard-
ing its simulated GPP and T as well as canopy optical properties.

2.1.1. Plant Hydraulics

Plant hydraulics sub-module in CliMA Land is based on the hydraulic model developed by Sperry and Love (2015) 
and Sperry et al. (2016). The sub-module partitions a plant into root, stem, and leaf organs, and a specific xylem 
vulnerability curve is used for each organ (the curve is allowed to differ within and among organs). The organs 
can be aligned in a flexible way. For example, a tree comprises a multi-layer root system, a trunk (stem), a 
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multi-layer canopy system (stem and leaf in series in each layer); a grass comprises a multi-layer root system and 
a multi-layer canopy system (only leaf is present in each layer). Further, the plant hydraulics sub-module allows 
for customizing root and stem height change, and thus is able to account for a gravitational pressure drop in the 
xylem. Moreover, there is a drought legacy variable in each hydraulic organ (the xylem remembers the minimal 
xylem pressure and thus minimal hydraulic conductance it has experienced, and xylem hydraulic conductance 
is not allowed to be higher than this memory conductance due to irreversible xylem cavitation), and addressing 
this gives more realistic stomatal response to the environment after a drought (W. R. L. Anderegg et al., 2015; Y. 
Wang et al., 2020). We also account for temperature effects on water viscosity and surface tension in our plant 
hydraulics module, which could otherwise result in non-negligible simulated water transport biases (e.g., 1°C 
difference in water temperature potentially results in c. 2.4% change in maximum hydraulic conductance; Reid 
et al., 1987; Y. Wang & Frankenberg, 2022b).

Plant hydraulic architecture may impact the stomatal models in CliMA Land (not always as some stomatal 
models do not rely on plant hydraulics at all, see examples in Section 2.1.3). With the ascent of sap along the 
xylem, xylem water pressure typically gets more and more negative, potentially resulting in xylem cavitation. 
The higher the water flux in the xylem and/or the drier the soil, the higher the risk of xylem cavitation. Loss of 
plant water transport capability may harm plants' leaf gas exchange performance given the limited water supply 
to leaves, and thus plants may regulate their stomata to alleviate the risk (Sperry & Love, 2015). Combining 
photosynthetic carbon gain and hydraulic risk leads to a variety of stomatal optimization models that simulate 
stomatal behavior using plant traits rather than empirically fitted parameters (see Y. Wang et al. (2020) for an 

Table 1 
Summary of How Climate Modeling Alliance (CliMA) Land Differ From Traditional Land Surface Models

Traditional land surface model CliMA land

Code design

 Core functions and model configuration are often hard coded, and it is not 
convenient to switch the setups and calculations during a simulation

Core and configuration functions are separated (e.g., model parameters and 
intermediate variables can be accessed and modified) so that users can 
freely adjust the parameters and calculations through built-in and/or external 
functions at each time step

 Code usually cannot be used directly in research that operates at smaller scales, 
for example, leaf level

Code is highly modularized, and each sub-module can be used as a standalone 
package for research and other models with minimum efforts

 Typically written in Fortran, and thus has a steep learning curve for beginners Written in Julia, a modern script-like language, has shallow learning curve, and is 
friendly to read and use for beginners

 Users cannot redefine hard coded parameters and functions Users can multiple dispatch functions (e.g., same function name for different 
functionality) and overwrite imported parameters and functions

 Users are given limited parameterization schemes, and cannot replace those 
with externally defined schemes

More complex embedded model schemes are provided for users to choose from, 
and users can also expand the model with new parameterization schemes 
(enabled by Julia abstract type feature)

Scientific merits

 Not designed to run hyperspectral radiative transfer scheme, so that cannot use 
remote sensing data directly (such as reflectance and fluorescence at a given 
sun-sensor geometry)

Equipped to run hyperspectral canopy radiative transfer, ready for utilizing 
remote sensing data from 400 to 2,500 nm with the given sun-sensor 
geometry

 Model parameters are often plant function type (PFT) based, and thus have 
limited capability to handle site-to-site variations (for example, all broad-leaf 
deciduous forests have the same leaf absorption features)

Model parameters are not PFT based but plant trait based, and globally gridded 
data sets can be readily used to account for site-to-site spatial and temporal 
variations

 Photosynthesis module is limited to classic C3 and C4 models that only 
compute photosynthetic rates

More recent updates on photosynthesis and fluorescence models have been 
implemented, and the photosynthesis module can compute leaf level 
fluorescence parameters at the same time

 Plant hydraulic system is often represented as one or a few xylem element(s), 
and has limited capability to handle drought legacy, capacitance, and flow/
pressure profiles

Plant hydraulic system can be customized to different complexities; is capable of 
handling drought legacy, water storage, flow/pressure profiles, temperature 
dependency, and soil water redistribution; and works seamlessly with 
statistical and optimality-based stomatal models

 Stomatal models are statistical models, and plant traits do not impact the 
model parameters

Besides the statistical stomatal models, a number of optimality based stomatal 
models have been implemented to better bridge plant traits and physiology to 
the model
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overview). Furthermore, plant hydraulic status is also used in more and more empirical stomatal models (e.g., 
Kennedy et al., 2019), acting as a tuning factor to link stomatal responses to soil moisture status. We note that 
due to the limited knowledge of global plant hydraulic trait maps, we were not able to run CliMA Land using 
plant hydraulics-based stomatal models; thus we used the stomatal model develop by Medlyn, Duursma, Eamus, 
et al. (2011) combined with a tuning factor based on soil water moisture in the present study.

2.1.2. Photosynthesis

Photosynthesis sub-module supports three photosynthesis models, including a C3 model based on Farquhar 
et al. (1980), a C4 model based on Collatz et al. (1992), and a new C3 model based on Cytochrome activity devel-
oped by Johnson and Berry (2021). To compute the photosystem level fluorescence quantum yield (photosystem 
I and photosystem II combined), the two classic photosynthesis models can be used along with the fluores-
cence model in van der Tol et al. (2014). The Cytochrome-based C3 photosynthesis model includes photosystem 
level fluorescence quantum yield calculations (separately for photosystem I and photosystem II) (Johnson & 
Berry, 2021). Due to the lack of global maps of C3 Cytochrome photosynthesis model parameters, we used the 
classic photosynthesis models in the present study. For the fluorescence model, we used the parameters derived 
for measurements from drought experiments (𝐴𝐴 𝐴𝐴

𝑜𝑜

N
= 5.01 , α = 1.93, and β = 10 as in their Equation 19; van der 

Tol et al., 2014).

2.1.3. Stomatal Control

Stomatal behavior in CliMA Land can be simulated using either empirical models that rely on statistically fitted 
parameters or stomatal optimization models that are based on plant traits and processes (Table 2). The empirical 
models can be used along with two general types of tuning factors to force stomatal response to drought, one 
of which takes effect through tuning the empirical equation parameters (such as the slope parameter g1) and 
another takes effect via down-regulating photosynthetic capacity (e.g., Kennedy et  al.,  2019). The optimality 

Figure 1. Model hierarchy of soil-plant-air continuum (SPAC) module of Climate Modeling Alliance (CliMA) Land. 
CliMA Land SPAC module consists of four key sub-modules: plant hydraulics, photosynthesis, stomatal models, and canopy 
radiative transfer (RT). Plant hydraulic module accounts for the water movement from soil to air; photosynthesis module 
computes the leaf level gas exchange rates; stomatal models module is responsible for decision making about how plants 
regulate the stomatal opening; and canopy RT module simulates the canopy light environment and optical properties such 
as reflectance and fluorescence spectra. SPAC module is responsible for coordinating the sequences of function calls. For 
example, at any time step, SPAC calls (a) canopy RT module to run shortwave radiation and sync the radiation information to 
leaves at different canopy layers; (b) Photosynthesis, PlantHydraulics, and StomataModels to compute stomatal conductance; 
(c) compute the leaf level fluorescence quantum yield, and sync it to Canopy RT; and (d) compute fluorescence at the 
viewer's direction. Black arrows indicate the dependencies within the SPAC module, for example, the photosynthesis and 
plant hydraulics sub-modules are direct dependencies of the stomatal models sub-module. The text next to each color box 
describes the parameters and weather drivers used by CliMA Land in the present study.
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based models are less dependent on fitting parameters and performed well compared to empirical models, though 
the traits required to run the models are more difficult to obtain (W. R. Anderegg et al., 2018; Sabot et al., 2022; 
Venturas et al., 2018; Y. Wang et al., 2020).

As a result, empirical models are still the top candidates for LSMs before reliable spatially resolved plant hydrau-
lics trait maps become available. Similarly, using a tuning factor (also known as beta function; Powell et al. (2013)) 
on empirical equation parameter g1 or photosynthetic capacity based on plant hydraulics at the global scale does 
not work either. For example, Kennedy et al. (2019) proposed to use hydraulic conductance to tune leaf photo-
synthetic capacity; however, the calculation of hydraulic conductance relies on the xylem vulnerability curve as 
well as whole plant hydraulic conductance, which are spatially unknown at global scales at present. Thus, to date, 
simulating global land carbon and water fluxes is still limited to empirical models and tuning factors based on 
soil conditions rather than plant hydraulics. In the present study, we used (Medlyn, Duursma, Eamus, et al., 2011) 
model along with a tuning factor based on g1, and stomatal conductance (gs) is computed from

𝑔𝑔s = 𝑔𝑔0 + 𝛽𝛽 ⋅ 1.6 ⋅
𝐴𝐴

𝐶𝐶a

⋅

(

1 +
𝑔𝑔1

√

VPD

)

, (1)

where A is net photosynthetic rate, Ca is atmospheric CO2 concentration, vapor pressure deficit (VPD) is leaf to 
air vapor pressure deficit, and β is a linear tuning factor based soil water potential:

𝛽𝛽 = max

[

0,min

(

1,
𝑝𝑝soil − 𝑝𝑝min

𝑝𝑝max − 𝑝𝑝min

)]

, (2)

where pmax and pmin are parameters describing the linear tuning factor (pmax = 0 MPa, and pmin = −5 MPa by 
default).

2.1.4. Canopy Radiative Transfer

CliMA Land features two canopy RT schemes: single layered two leaf RT scheme with sunlit and shaded frac-
tions simulating broadband reflectance and transmittance (Campbell & Norman, 1998), and a vertically layered 
canopy RT scheme with leaf angular distribution simulating hyperspectral reflectance and transmittance (adapted 

Table 2 
Stomatal Models Supported by Climate Modeling Alliance Land

Type Model Formulation β

Empirical Ball et al. (1987) 𝐴𝐴 𝐴𝐴s = 𝐴𝐴0 + 𝛽𝛽 ⋅ 𝐴𝐴1 ⋅ RH ⋅

𝐴𝐴

𝐶𝐶s

 g1

𝐴𝐴 𝐴𝐴s = 𝐴𝐴0 + 𝐴𝐴1 ⋅ RH ⋅

𝐴𝐴(𝛽𝛽)

𝐶𝐶s

 Vcmax

Leuning (1995) 𝐴𝐴 𝐴𝐴s = 𝐴𝐴0 + 𝛽𝛽 ⋅ 𝐴𝐴1 ⋅
𝐴𝐴

𝐶𝐶s−Γ
∗
⋅

𝑑𝑑0

𝑑𝑑0+VPD
 g1

𝐴𝐴 𝐴𝐴s = 𝐴𝐴0 + 𝐴𝐴1 ⋅
𝐴𝐴(𝛽𝛽)

𝐶𝐶s−Γ
∗
⋅

𝑑𝑑0

𝑑𝑑0+VPD
 Vcmax

Medlyn, Duursma, Eamus, et al. (2011)
𝐴𝐴 𝐴𝐴s = 𝐴𝐴0 + 𝛽𝛽 ⋅ 1.6 ⋅

𝐴𝐴

𝐶𝐶a

⋅

(

1 +
𝐴𝐴1

√

VPD

)

 g1

𝐴𝐴 𝐴𝐴s = 𝐴𝐴0 + 1.6 ⋅
𝐴𝐴(𝛽𝛽)

𝐶𝐶a

⋅

(

1 +
𝐴𝐴1

√

VPD

)

 Vcmax

Optimality Sperry et al. (2017) 𝐴𝐴
𝜕𝜕𝐴𝐴

𝜕𝜕𝜕𝜕
=

𝜕𝜕Θ

𝜕𝜕𝜕𝜕
= −

𝜕𝜕𝜕𝜕

𝜕𝜕𝜕𝜕
⋅

𝐴𝐴max

𝜕𝜕max

 

Eller et al. (2018) 𝐴𝐴
𝜕𝜕𝐴𝐴

𝜕𝜕𝜕𝜕
=

𝜕𝜕Θ

𝜕𝜕𝜕𝜕
= −

𝜕𝜕𝜕𝜕

𝜕𝜕𝜕𝜕
⋅

𝐴𝐴

𝜕𝜕
 

W. R. Anderegg et al. (2018) 𝐴𝐴
𝜕𝜕𝐴𝐴

𝜕𝜕𝜕𝜕
=

𝜕𝜕Θ

𝜕𝜕𝜕𝜕
=

2⋅𝑎𝑎⋅𝑃𝑃+𝑏𝑏

𝐾𝐾
 

Y. Wang et al. (2020) 𝐴𝐴
𝜕𝜕𝐴𝐴

𝜕𝜕𝜕𝜕
=

𝜕𝜕Θ

𝜕𝜕𝜕𝜕
=

𝐴𝐴

𝜕𝜕crit−𝜕𝜕
 

Note. The empirical models compute stomatal conductance (gs) through statistical formulations, whereas the optimality 
based models compute gs through finding the leaf transpiration rate where photosynthetic rate (A) and risk (Θ) are optimized. 
g0, g1, and d0: empirical equation parameters; β: soil moisture tuning factor; RH: relative humidity; Ca: atmospheric CO2 
concentration; Cs: leaf surface CO2 concentration; Γ*: CO2 compensation point with the absence of respiration; VPD: vapor 
pressure deficit; a and b: W. R. Anderegg et al. (2018) equation parameters; P: leaf xylem water pressure; E: leaf transpiration 
rate; Ecrit: critical leaf transpiration rate beyond which leaf desiccates; K: ∂E/∂P; Amax: maximum photosynthetic rate at given 
soil moisture setting, Kmax: maximum K when E = 0; Vcmax: maximum carboxylation rate at a reference temperature of 25°C.
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from SCOPE; van der Tol et al., 2009; Yang et al., 2017). While the inclusion of the two leaf RT scheme allows 
for compatibility with other land surface or vegetation models that use the same canopy RT scheme, the use of a 
complex multi-layer canopy RT scheme enables the simulation of canopy reflectance and fluorescence spectra as 
well as vegetation GPP and T simultaneously, promoting the integration of land modeling with remote sensing 
observations (Y. Wang et al., 2021). The multi-layered RT scheme in CliMA Land simulates the hyperspectral RT 
in the wavelength window of 400–2,500 nm, and allows for flexible customization of number of canopy layers, 

Table 3 
Global Scale Data Sets Used in the Present Study

Variable Resolution Reference

Soil Parameters

 Inverse of air entry value 120X Dai et al. (2019) a

 Soil pore-size distribution 120X Dai et al. (2019) a

 Residual soil water content 120X Dai et al. (2019) a

 Saturated soil water content 120X Dai et al. (2019) a

 Soil color classification 2X Lawrence and Chase (2007)

Meteorological Drivers

 Wind speed at 10 m 4X, 1H Hersbach et al. (2018)

 Dew point temperature at 2 m 4X, 1H Hersbach et al. (2018)

 Air temperature at 2 m 4X, 1H Hersbach et al. (2018)

 Skin temperature 4X, 1H Hersbach et al. (2018)

 Mean direct surface shortwave radiation 4X, 1H Hersbach et al. (2018)

 Mean total surface shortwave radiation 4X, 1H Hersbach et al. (2018)

 Surface atmospheric pressure 4X, 1H Hersbach et al. (2018)

 Soil temperature 4X, 1H Hersbach et al. (2018) b

 Soil volumetric water content 4X, 1H Hersbach et al. (2018) b

 Percentage of land in a grid cell 4X Hersbach et al. (2018)

 Annual mean CO2 concentration https://gml.noaa.gov/ccgg/trends

Plant traits

 Leaf chlorophyll content 2X, 7D Croft et al. (2020) c

 Leaf mass per area 2X Butler et al. (2017)

 Leaf photosynthetic capacity 2X Luo et al. (2021) d

 Stomatal model g1 2X De Kauwe et al. (2015) e

 Leaf area index 2X, 8D Yuan et al. (2011)

 Clumping index 240X He et al. (2012)

Note. In column “Resolution,” NX means the spatial resolution is 1/N°, and MT stands for the temporal resolution (M is an 
number, T is a string for time: H for hour and D for day; e.g., 1H means 1 hr and 7D means 7 days).
 aThese parameters describe the soil retention curve using van Genuchten (1980) equation. The data sets include parameters 
for 4 soil layers, with the boundary depth from 0 to 0.1, 0.35, 1, and 3 m. We partitioned plant root layering accordingly to 
these 4 layers.  bSoil layering of ERA5 differs slightly from the soil hydraulic parameters (Dai et al., 2019) in that the boundary 
depths are 0–0.07, 0.28, 1, and 2.89 m. We used the soil temperature and water content for each soil layer despite the minor 
mismatch in soil depth profiles.  cLeaf carotenoid content is assumed to be 1/7 of leaf chlorophyll content. The weekly 
mean chlorophyll content was averaged from values in the same week from multiple years (2003–2011), and the same leaf 
chlorophyll content data set was used for simulations at different years.  dThe maximum carboxylation rate at 25°C (Vcmax25) 
was assumed time-invariant. Maximum electron transport rate at a reference temperature of 25°C—Jmax25 and respiration rate 
at a reference temperature of 25 °C—Rd25 were scaled from Vcmax25 in that Jmax25 = 1.67 ⋅ Vcmax25 and Rd25 = 0.015 ⋅ Vcmax25, 
consistent with Sperry et al. (2017). We assumed constant Jmax25: Vcmax25 and Rd25: Vcmax25 ratios due to the lack of global data 
sets, however we note that there is evidence that they vary across the globe (e.g., Norby et al., 2017; Walker et al., 2014).  eWe 
used the community land model plant functional type (PFT) distribution map gridded at 1/2° (Lawrence & Chase, 2007) 
to derive the empirical parameter g1 at each grid cell. For each grid cell, we calculated the weighted g1 based on the PFT 
distribution, and used a g0 = 0.001 mol m −2 s −1.
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leaf angular distribution, canopy clumping, and wavelength bins. Moreover, the multi-layer canopy RT scheme 
also supports vertically resolved heterogeneous micro-climates and leaf physiology within the canopy (Bonan 
et al., 2018, 2021).

For the hyperspectral multi-layered RT scheme, compared to the original SCOPE canopy RT scheme, (a) we imple-
mented a clumping index to account for the horizontal heterogeneity in the canopy (Braghiere et al., 2019, 2020; 
Pinty et al., 2006). The inclusion of a clumping index can promote light scattering into lower canopy layers, and 
improves model predictive skills against benchmark 3D data sets (Braghiere et al., 2021). (b) Compared to the 
original leaf-level PROSPECT-D model used in SCOPE (Féret et al., 2017), we accounted for carotenoid absorp-
tion as absorbed photosynthetically active radiation (PAR) by the antenna systems, thus photosynthesis and chlo-
rophyll fluorescence (Y. Wang et al., 2021). (c) For each wavelength in the simulated SIF spectrum (400–750 nm 
for SIF excitation, 640–850 nm for SIF emission), we converted energy flux to photon flux at the excitation 
stage and computed SIF in terms of photon (to use with fluorescence quantum yield); and then we convert SIF 
photon flux back to energy flux at the emission stage and compute SIF RT (Y. Wang & Frankenberg, 2022a), thus 
ensuring conservation of energy considering fluorescence photons are re-emitted at longer wavelengths. (d) We 
further expand the soil albedo implementation to hyperspectral simulations to make land modeling more realistic 
in terms of canopy RT and gas exchange simulations (see Text S1 in Supporting Information S1 for more details).

To better compare the model simulations to remote sensing data in the shortwave range (400–2,500 nm), we 
used the multi-layered hyperspectral RT scheme along with a hyperspectral soil albedo representation in the 
present study. Through simulating hyperspectral canopy RT and scaling leaf-level gas exchange, we can integrate 
total GPP and T, and simulate a number of remotely sensible quantities (such as SIF and NIRv) simultaneously 
at hourly time steps per 1° grid at the global scale. We note that CliMA Land is capable of simulating canopy 
reflectance and radiance as well as fluorescence at any given sun-sensor geometry (e.g., Figure 16 of Y. Wang 
et al. (2021)). In the present study, we modeled the canopy optical properties at the nadir direction at every time 
step, and compared them to the indices derived from bidirectional reflectance distribution function corrected 
Moderate Resolution Imaging Spectroradiometer (MODIS) data (MCD43A4; (Schaaf & Wang, 2015)) and day 
length corrected SIF (Köhler et al., 2018, 2020).

2.2. Model Configuration and Simulation

In CliMA Land, we separate the core functions from model parameter configuration, and thus allow for running 
CliMA Land with various combinations of traits and meteorological drivers. For example, leaf photosynthetic 
capacity value and its seasonality can be configured from external inputs rather than being hard coded; and users 
can freely customize these model parameters at each time step. In the present study, we treated a grid cell as a 
“mono-species” stand in which all plants have the same bulk properties. Table 3 summarizes the global scale 
data sets we used to configure CliMA Land and drive model simulations in the presented study (corresponding 
to “gm1” in our model simulations; see Figure 1 for where these parameters and variables were used). The global 
maps used can be accessed through GriddingMachine (https://github.com/CliMA/GriddingMachine.jl), a data-
base and software we developed to distribute globally gridded data sets (Y. Wang et al., 2022).

Note that leaf water content and leaf angular distribution also have great impact on canopy RT simulations. 
However, given the limited knowledge of how plant hydraulic traits and leaf angular distributions change at the 
global scale, we used constant equivalent leaf water thickness of 0.09 mm and uniform leaf angular distribution 
in the present study.

We ran CliMA Land globally at 1° spatial resolution and hourly temporal resolution (because the ERA5 meteor-
ological forcing data is hourly). We regridded the input parameters and variables listed in Table 3 spatially to 1° 
by averaging all the data that fell into the target grid cell. For each pixel, we performed the annual simulation if 
(a) none of the input data was missing and (b) the pixel was vegetated. A total of 11,288 grid cells were identified 
after applying these filtering criteria. Given that it is our first global scale evaluation of CliMA Land, we ran the 
global simulation (a) by prescribing canopy temperature and soil moisture using ERA5 skin temperature and soil 
water content, and (b) at relatively coarse spatial resolution to provide an overview of what can be simulated by 
CliMA Land. Our global simulations for the year 2010 and 2019 with the simulation tag “a6_gm1_wd1” can be 
found at Y. Wang (2023b).

We ran CliMA Land at steady state mode by iterating the SPAC functions to find the solution at the given envi-
ronmental conditions (Y. Wang et al., 2021). In brief, at each time step, we (a) calculated soil water potential and 
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leaf temperature from prescribed ERA5 data, (b) computed the solar zenith angle based on latitude and local time, 
(c) simulated shortwave RT in the canopy and update the light environment for each canopy layer, (d) updated 
environmental conditions and leaf temperature per canopy layer, (e) computed steady state stomatal conductance 
for each leaf angel in each canopy layer by iterating the SPAC functions, (f) modeled leaf level fluorescence quan-
tum yield and computed canopy level optical properties including SIF at nadir viewing direction, and (g) saved 
the model predicted hourly GPP, T, SIF at 683/740/757/771 nm (SIF683, SIF740, SIF757, and SIF771, respectively), 
normalized difference vegetation index (NDVI) and enhanced vegetation index (EVI) (A. R. Huete et al., 1997; 
A. Huete et al., 2002; Tucker, 1979), and NIRv (Badgley et al., 2017):

NDVI =
𝛼𝛼NIR − 𝛼𝛼RED

𝛼𝛼NIR + 𝛼𝛼RED

, (3)

EVI = 2.5 ⋅
𝛼𝛼NIR − 𝛼𝛼RED

𝛼𝛼NIR + 6 ⋅ 𝛼𝛼RED − 7.5 ⋅ 𝛼𝛼BLUE + 1
, (4)

NIRv = NDVI ⋅ 𝛼𝛼NIR, (5)

where α is the top-of-canopy reflectance at the given wavelength from the viewing direction (BLUE: 469 nm, 
RED: 645 nm, and NIR: 858.5 nm). We output the canopy optical properties at a nadir viewing direction as 
there is no overpass satellite for most of the simulations. We ran our model for the year 2019 for full year record 
of TROPOspheric Monitoring Instrument (TROPOMI), Orbiting Carbon Observatory 2 (OCO-2), and MODIS 
satellites, and the year 2010 for comparison with another latent heat flux data set (see Section 2.3). Per 1° grid, 
we re-sampled the hourly simulation to daily means (nighttime GPP and SIF values were counted as 0; nighttime 
time reflectance indices were not available and thus excluded). We further re-sampled the daily means to 8-daily, 
monthly, and annual means. We refer the readers to Y. Wang (2023b) daily, 8-daily, monthly, and annual mean 
CliMA GPP, SIF, and NIRv for the year 2010 and 2019.

2.3. Evaluation Data Sets

2.3.1. GPP and T

We compared CliMA Land predicted global GPP for year 2019 against the a data-driven GPP product inter-
polated from flux towers (MPI GPP; data from Tramontana et al., 2016). We selected the monthly mean 0.5° 
MPI GPP at year 2019 that was based on (a) ensembles that include GPP and terrestrial ecosystem respiration 
from all flux partitioning methods, (b) ensembles that include carbon fluxes from all machine learning methods, 
and (c) all carbon fluxes from remote sensing, RS (RS GPP does not use meteorological forcing data). The 
data was labeled as “GPP.RS_V006.FP-ALL.MLM-ALL.METEO-NONE” as noted at https://www.fluxcom.org/
CF-Download/. We regridded the MPI GPP to 1° and retained its temporal resolution. It is worth noting that the 
MPI GPP is a machine-learning based upscaling of flux tower derived GPP from sparsely distributed towers (not 
true measurements), and that we compared CliMA GPP to this reference data set rather than to flux tower derived 
GPP directly (as the towers do not cover the entire grid cell).

We compared CliMA Land modeled T for the year 2010 against the latent heat flux (LE) product interpolated 
from flux towers (Jung et al., 2019). The data was labeled as “LE.RS.EBC-ALL.MLM-ALL.METEO-NONE” 
as noted at https://www.fluxcom.org/EF-Download/. Note that the MPI LE data sets were for total evapotranspi-
ration (including T, and evaporation from leaf surface and soil), thus we used this product only to roughly test 
whether the modeled T captures the spatial patterns.

2.3.2. SIF

We compared CliMA Land predicted mean SIF683 and SIF740 to the daily average SIF683 and SIF740 retrievals from 
TROPOMI (data from Köhler et al., 2018; Köhler et al., 2020). We compare CliMA mean SIF757 and SIF771 to 
the daily average SIF757 and SIF771 retrievals from the Orbiting Carbon Observatory 2, OCO-2 (Sun et al., 2017). 
Note here that TROPOMI and OCO-2 SIF were averaged from observations with different sun-sensor geometries 
and that the day length correction was made with the assumption that SIF is function of the cosine of the solar 
zenith angle. In comparison, CliMA SIF was modeled at nadir direction (viewing zenith angle is 0°), and the day 
length correction was made by averaging all modeled SIF at different times of a day (solar zenith angle changes 
with time).
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2.3.3. NDVI, EVI, and NIRv

We compared CliMA Land predicted NDVI, EVI, and NIRv to those retrieved using the MODIS satellites MCD43A4 
v006 data set (original spatial resolution is ∼500 m) (Schaaf & Wang, 2015). Note that MODIS MCD43A4 v006 
reflectance data have been corrected to nadir direction, which agrees with CliMA Land simulations. We regridded the 
MODIS MCD43A4 v006 to global scale NDVI, EVI, and NIRv with 1° spatial resolution and 8 day temporal resolu-
tion (first computing the indices for each data point falls in the grid, then taking the average of the computed indices).

3. Results
3.1. Seasonal Cycles

Our model simulation captured the overall seasonality of GPP, SIF, and NIRv (e.g., peaks in the middle of the 
year in the northern hemisphere; Figure 2). In general, the simulated SIF and NIRv tracked the simulated varia-
tions of GPP well for the eight selected grid cells with flux towers located within. However, linear relationship 
between GPP and SIF were particularly weak in grid cells b and c (Table 4) because of a drought in grid cell b 
(days 150–350) and lack of clear seasonality in SIF for grid cell c. As to NIRv, we found weak linear relationship 
with GPP in grid cell h due to the lack of seasonality in NIRv.

Our model simulation suggested that none of the SIF, NDVI, EVI, or NIRv over-competed the others in capturing 
the GPP seasonality (in daily time scale). For the eight example grid cells in Figure 2, SIF/NDVI/EVI/NIRv each 
had the highest R 2 in 3/3/0/2 grid cells when linearly correlated to GPP, respectively (Table 4). Modeled SIF at 
four wavelengths all showed reasonably well correlation with NIRv except grid cell h, where NIRv showed little 
seasonality. Further, for all example grid cells, R 2 between SIF683 and NIRv was lower than that for SIF740, SIF757, 
and SIF771 (Table 4); this was likely caused by SIF reabsorption in the red light region.

3.2. Spatial Patterns

Compared to the nine benchmark products of GPP, T, SIF, and vegetation indices, CliMA Land modeled quanti-
ties all displayed reasonable spatial patterns across the globe (in terms of annual mean comparison), though the 
magnitudes differed (see Figure 3 for examples of GPP, SIF740, NIRv, Figure 4).

Figure 2. Examples of Climate Modeling Alliance (CliMA) Land run at eight 1° grid cells across the globe. CliMA Land global run was made for year 2019. The 
(latitude, longitude) centers are (a) (40.5°, −105.5°), (b) (−16.5°, −56.5°), (c) (5.5°, −2.5°), (d) (51.5°, 10.5°), (e) (−25.5°, 31.5°), (f) (62.5°, 129.5°), (g) (26.5°, 
115.5°), and (h) (−35.5°, 148.5°), respectively. There is a flux tower within each example grid cell, and they are US-NR1, BR-Npw, GH-Ank, DE-Hai, ZA-Kru, 
RU-Skp, CN-Qia, and AU-Tum, respectively. The cyan curve plots the modeled daily cumulative gross primary productivity; the red curve plots the modeled daily 
mean solar-induced chlorophyll fluorescence at 740 nm; the blue curve plots the modeled daytime mean near infrared reflectance of vegetation (NIRv). NIRv is scaled 
to 2 times the original value to facilitate visualization.
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Our modeled quantities, in general, were higher than the benchmark data sets. The disagreements were likely due 
to (a) that we have not calibrated the model, and (b) that benchmark data sets have systematic errors. For example, 
CliMA SIF was generally higher than TROPOMI and OCO-2 SIF (Figure 4), as simulated SIF is positive by 
construction whereas space-borne retrievals can be negative. Overall, CliMA Land simulations showed better 
agreements with MODIS reflectance than TROPOMI and OCO SIF (Figure 4), suggesting the necessity to use 
SIF to calibrate the model inputs (chlorophyll content retrieval was based on MODIS).

Table 4 
Coefficient of Determination Among Climate Modeling Alliance Land Modeled Quantities in Eight Grid Cells

Site US-NR1 BR-Npw GH-Ank DE-Hai ZA-Kru RU-Skp CN-Qia AU-Tum

GPP–SIF683 0.935 0.002 0.297 0.870 0.223 0.877 0.697 0.800

GPP–SIF740 0.954 0.003 0.275 0.917 0.243 0.951 0.701 0.788

GPP–SIF757 0.954 0.003 0.284 0.920 0.246 0.950 0.693 0.790

GPP–SIF771 0.953 0.003 0.288 0.920 0.247 0.949 0.690 0.791

GPP–NDVI 0.887 0.360 0.389 0.820 0.525 0.949 0.736 0.167

GPP–EVI 0.861 0.283 0.321 0.889 0.553 0.959 0.675 0.003

GPP–NIRv 0.877 0.277 0.292 0.906 0.557 0.960 0.653 0.003

SIF683–NIRv 0.800 0.325 0.326 0.796 0.435 0.778 0.530 0.015

SIF740–NIRv 0.883 0.408 0.465 0.860 0.502 0.904 0.728 0.026

SIF757–NIRv 0.886 0.434 0.509 0.860 0.508 0.905 0.744 0.027

SIF771–NIRv 0.887 0.443 0.525 0.860 0.509 0.905 0.749 0.027

Note. The number is R 2 of the linear regression of daily means (very low R 2 marked with shaded red). The row “Site” 
indicates that there is a flux tower located within the grid cell.

Figure 3. Comparison of Climate Modeling Alliance Land predicted quantities to benchmark data sets. Shown examples included gross primary productivity, 
solar-induced chlorophyll fluorescence at 740 nm, and near infrared reflectance of vegetation. All comparisons are made for the year 2019.
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4. Discussion
We present and evaluate CliMA Land, an in-development LSM that aims to simultaneously simulate hyperspec-
tral canopy fluorescence and reflectance properties as well as corresponded vegetation GPP and T. CliMA Land 
modeled fluxes and indices, in general, well captured the spatial patterns globally compared to (a) MPI RS GPP 
and LE, (b) TROPOMI and OCO-2 SIF, and (c) MODIS NDVI, EVI, and NIRv, though the magnitude differed.

4.1. Correlations Among GPP, SIF, and NIRv

SIF and NIRv are often used as proxy for GPP given their correlations to PAR, and their inter-correlations are 
highest when the seasonality matches (Figures 2a and 2d–2f). Although SIF is proportional to absorbed PAR and 
fluorescence quantum yield and the latter decreases during a drought, sensitivity of SIF to drought is way lower 
than that of GPP (Helm et al., 2020). Therefore, it is expected to see SIF increases during a drought when PAR 
increases faster than the decline of fluorescence quantum yield (e.g., Figures 2b, 5a, and 5b). NIRv is mostly 
determined by canopy structure, leaf pigments, and sun-sensor geometry, and thus can only be used to proxy GPP 
when its seasonality matches those of drought and PAR (e.g., Figures 2a, 2c, 2d, 2f, and 2g). Thus, although SIF 
and NIRv have shown great potential in projecting global patterns of GPP (Badgley et al., 2017; Sun et al., 2017), 

Figure 4. Comparison of Climate Modeling Alliance (CliMA) Land predicted quantities to benchmark data sets. Shown comparisons are made for annual means. 
Red solid line plots the linear regression, and black dotted line plots the 1:1 line. Note that CliMA latent heat flux (LE) used in the comparison is from vegetation 
transpiration only whereas MPI RS LE used also include leaf surface and soil evaporation. The comparison for LE is made for the year 2010, whereas the rest are made 
for the year 2019.
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they are not guaranteed to be a good proxy for GPP seasonality at site or grid level (Doughty et al., 2021), particu-
larly when there is a drought (e.g., days 150–350 in Figure 2b; Marengo et al. (2021)).

In a diurnal cycle, canopy SIF is positively correlated to PAR, thus a good correlation with GPP is expected when 
plants are not stressed (see an example in Figures 5a and 5c). However, if the plants are under a drought stress, 
higher PAR and the accompanied drier and warmer air would result in lower GPP but subtle change in SIF. In 
this case, it is expected to see decoupling of SIF and GPP at high PAR (see an example in Figures 5b and 5c). In 
comparison, as NIRv is a unitless index based on canopy reflectance, it barely changes in a diurnal cycle except 
for in the early morning and late afternoon when solar zenith angle is high (Figure 5). Given this, NIRv is often 
scaled by a radiation measure to better account for the impact from PAR, for example, Wu et al. (2020) scaled 
SIF by incoming near infrared radiation Dechant et al. (2022) scaled NIRv by incoming PAR. When we scaled 
NIRv by incoming PAR (NIRvP), we indeed found a more realistic NIRvP diurnal cycle at both wet and dry 
conditions. However, similar to SIF, NIRvP also showed weak correlation with GPP in dry environment. Thus, 
as suggested by Figure 5, using SIF or NIRvP to track GPP diurnal cycles should be constrained to the scenario 
of non-stressed environment.

Note here that fluorescence quantum yield decreases with higher PAR, hence resulting in slower SIF increase 
than PAR. As GPP tends to saturate at higher PAR, it is expected that SIF shows a better theoretical correlation 
with GPP in diurnal cycles than NIRvP (Figure 5d). However, the better theoretical performance of SIF in track-
ing diurnal cycles of GPP than NIRvP may not been detected in observations as the noise-to-signal ratio is much 
higher in SIF retrievals.

4.2. Future Steps to Improve CliMA Land

CliMA Land is not well constrained or calibrated given the various sources of plant traits and environmental cues. 
First, the input data sets often disagree in their assumptions and model complexity, likely resulting in biases in 
simulated results (Y. Wang & Frankenberg, 2022a). Second, because of the limited knowledge of how plant phys-
iological traits vary spatially and temporally, data sets used to drive CliMA Land are often temporally constant 
instead of a time series. For instance, photosynthetic capacity represented by Vcmax25, which should be varying in 
a growing season, is constant in a grid cell in our simulation, and this might contribute biases in the simulated 
carbon and water fluxes (Y. P. Wang et  al.,  2007). Further, the vertical gradients of traits within the canopy 
was not considered in the present study, such as the chlorophyll content. Also, the ratio between carotenoid 
and chlorophyll can be highly variable. Future research aiming to quantitatively understand the vertical canopy 
layout (such as optimal nutrient and leaf area partitioning) and their spatial and temporal variability will improve 
the predictive skills of CliMA Land. Third, CliMA Land prescribed environmental cues regridded from ERA5 
reanalysis data, which were interpolated from sparsely distributed historical observations and could have high 
uncertainty; and mismatch between our regridded ERA5 reanalysis data and reality would also contribute to 
biases in our model output. For example, when comparing the soil water contents from our regridded ERA5 

Figure 5. Comparison of Climate Modeling Alliance Land predicted quantities in a diurnal cycle. (a) Diurnal cycles of gross primary productivity (GPP), 
solar-induced chlorophyll fluorescence (SIF), near infrared reflectance of vegetation (NIRv), and NIRvP in day 100 when soil is wet. GPP is not scaled, SIF (at 740 nm, 
mW m −2 nm −1 sr −1) is scaled by 10 times, NIRv (unitless) is scaled by 30 times, NIRvP (μmol m −2 s −1) is scaled to 1/25. (b) Diurnal cycles in day 321 when soil is dry. 
(c) Correlation between GPP versus SIF and NIRvP. Closed symbols plot the values from panel a, and open symbols plot the values from panel (b) (d) Comparison of 
R 2 of GPP versus SIF and NIRvP. The bars plot the mean R 2 for all the days in year 2019, and the error bars plot the standard deviation of R 2. R 2 is computed by fitting 
the model simulated quantities in a diurnal cycle.

 19422466, 2023, 3, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2021M

S002964 by C
alifornia Inst of T

echnology, W
iley O

nline L
ibrary on [24/03/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Journal of Advances in Modeling Earth Systems

WANG ET AL.

10.1029/2021MS002964

14 of 19

reanalysis (black curve in Figure S1 in Supporting Information S1) versus that from flux tower measurements 
(red curve with shaded region in Figure S1 in Supporting Information S1), we found that our regridded ERA5 
reanalysis data had wetter soil throughout the year, particularly from day 1–150, which corresponded to the grow-
ing season at AU-Tum. Promisingly, with the increasing number of observations across the globe, the uncertainty 
and biases resulting from model parameter and resolution mismatch will be better resolved in the future (Cucchi 
et al., 2020).

Some key processes have been missing in the global-scale LSMs, such as the dynamics and variations in leaf 
photosynthesis and fluorescence related physiology. For example, Magney et al. (2019) and Raczka et al. (2019) 
highlighted the importance of sustained non-photochemical quenching (NPQ) in modeling SIF in the cold winter, 
which results in lower modeled SIF in cold environments. However, this process has not been yet implemented 
in any land surface or vegetation model (including CliMA Land) because of the lack of knowledge on how 
sustained NPQ quantitatively and mechanistically responds to temperature. Also, we used constant parame-
ter sets for rate coefficient calculations such as the temperature dependency of maximum carboxylation rate, 
whereas  species-dependent parameter sets (Medlyn et al., 2002) should be used to best describe plants' acclima-
tion to the environment. Similarly, the fluorescence parameter set we used to compute NPQ, fluorescence yield, 
and hence SIF (see van der Tol et al.  (2014) for more details), was also constant across the globe, regardless 
of the site-level species composition and stress status. Future research efforts to implement new physiological 
processes and resolve the spatial and temporal variations and acclimation of these physiological parameters will 
also improve the predictive skills of LSMs.

The global scale data-driven GPP estimation used in the present study was interpolated using machine learning 
based on algorithms, and thus had high uncertainty in the grid cells without a flux tower. Further, even for those 
grid cells with flux towers, there could be issues when upscaling flux tower observations that typically covers 
<1 km 2 footprint to the entire grid cell that may range up to >10,000 km 2 and consist various species with 
contrasting traits. Yet, the variations within a grid were not well represented in neither MPI GPP nor CliMA 
Land. A recent study compared 45 global GPP products and found considerable difference among the products, 
and the annual GPP ranges from approximately 0.8 to 2.4 times the MPI GPP (Zhang & Ye, 2021). In compari-
son, CliMA GPP was 1.87 times the MPI RS GPP for the year 2019. Therefore, as true global GPP patterns are 
unknown and current estimates are highly inconsistent (Anav et al., 2015; Zhang & Ye, 2021), effective evalua-
tion of CliMA GPP or any other GPP remains a challenge.

The global-scale TROPOMI, OCO-2, and MODIS observations may have considerable systematic errors. For 
comparison with MODIS data, the error may arise from (a) the bidirectional reflectance distribution function 
used by MODIS and CliMA Land are different (Schaaf & Wang, 2015), (b) CliMA Land canopy reflectance is 
computed based on the prescribed top of canopy radiation and there is not an extra step to correct atmosphere 
absorption, whereas MODIS reflectance needs to make correction for both top of canopy radiation and canopy 
reflected radiation. For comparison of SIF, the retrievals are often negative or close to zero, particularly in those 
regions with low vegetation cover, making it difficult for a 1:1 comparison between CliMA Land output and satel-
lite observations. As a result, there is always a positive offset in the linear regressions. For example, SIF retrieval 
may use barren land as a baseline, and the potential illuminance from other chemicals other than chlorophyll 
could lead to biases over the baseline (Köhler et al., 2021). Moreover, the mismatch in spatial resolution of the 
soundings, sampling frequency, and sun-sensor geometry likely impacted the 1:1 comparison between CliMA 
Land and TROPOMI/OCO-2 SIF. We note that the daily average SIF in CliMA Land was calculated by averag-
ing the SIF at nadir throughout the diurnal cycle (as there is no overpass satellite for most of the simulations), 
whereas TROPOMI/OCO-2 daily mean SIF was converted from point measurements with varying solar zenith 
angles based on an assumption that SIF is a function of cosine solar zenith angle that peaks at midday, which may 
not be true. We note that CliMA Land allows for using specific sun-sensor geometry and solar time that match 
all satellite overpasses, enabling the direct comparison between model simulation and satellite retrievals rather 
than the averages (as done in Figure 16 of Y. Wang et al., 2021). As CliMA Land can simulate canopy optical 
properties and vegetation GPP and T at the time, it allows for more systematic and comprehensive model calibra-
tion using data from multiple sources (Fox et al., 2018; Kaminski et al., 2013; Smith et al., 2020), thus promoting 
future research on plant trait inversion at various spatial and temporal resolutions.

As we aim to present an overview of the CliMA Land global simulation, we ran the model at relatively coarse 
spatial resolution at 1°. In each 1° grid cell, we used mean values for all input parameters to drive the model 
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simulation, and this could result in uncertainties due to the nonlinear relationships among vegetation processes 
(such as stomatal behavior and soil moisture). Further, we assumed each 1° grid cell as a site with bulk properties, 
and ignored the heterogeneity of species distribution and/or vertical canopy structure (upper canopy and lower 
canopy). Future simulations at high spatial resolution using CliMA Land after we calibrate the model with vari-
ous data could resolve this problem.

We note that CliMA predictions (pure forward model run without parameter calibration) were generally higher 
than existing MPI, TROPOMI, OCO-2, and MODIS products. Aside from errors in the reference benchmark data 
sets, the differences probably resulted from non-idealized model parameter configuration, such as chlorophyll 
content which was not inverted to use with a hyperspectral and multi-layer canopy RT scheme (so did many 
other input parameters). For example, if we use a lower chlorophyll content in the model, the vegetation will be 
less greener and thus NDVI, EVI, and NIRv will be lower; SIF and GPP will also be lower given the lower PAR 
absorption. Being able to simultaneously model hyperspectral canopy RT as well as carbon and water fluxes, 
CliMA Land has great potential in advancing future Earth System modeling. The simulated hyperspectral canopy 
RT can be directly compared to satellite observations, and can help constrain the Earth system model with the 
large number of remote sensing data such as inverting chlorophyll content that (a) is compatible with hyper-
spectral and multi-layer canopy RT scheme, and (b) agrees with remote sensing and/or ground-based data from 
multiple sources. This way, the model predicted GPP would have higher confidence than those calibrated with 
limited data sources (Croft et al., 2020).

Further, the high temporal resolution of CliMA Land outputs provides an improved way to interpolate observa-
tions using modeled patterns (e.g., one can simulate the SIF diurnal cycles and then use it to scale SIF, rather than 
using a cosine function of solar zenith angle). The global scales simulations allow for novel research that was not 
feasible in the past, such as the decoupling of SIF and NIRv versus GPP in a diurnal cycle under different environ-
mental stresses, supplementing the deficits of traditional satellite retrievals. We believe that future global maps 
of hyperspectral data with improved temporal resolutions, for example, the NASA Surface Biology and Geology 
(SBG) mission (Cawse-Nicholson et al., 2021) and the NASA Earth Surface Mineral Dust Source Investigation 
(EMIT), can be used as model inputs, and that the implementation of new features and better representations into 
the land model will advance the model predictive skills, for not only the past but also the future climate with 
respect to global climate change.

5. Conclusions
We present an overview and our first global run of CliMA Land, a LSM that outputs carbon and water fluxes 
as well as hyperspectral canopy reflectance and fluorescence simultaneously. We compare the model outputs 
to other data-driven GPP, SIF, NDVI, EVI, and NIRv products, and demonstrate the potential of CliMA Land 
in tracking their spatial patterns. Our model simulations underline (a) the necessity of improving model param-
eter configuration of the new model, both spatially and temporally; (b) the importance of implementing more 
advanced or new features; and (c) the demand of integrating data sets to calibrate the model.

Data Availability Statement
The global scale data sets used for CliMA Land simulation (except for ERA5 data) can be accessed through Grid-
dingMachine (https://github.com/CliMA/GriddingMachine.jl; Y. Wang et al., 2022). The exact version of CliMA 
Land used in the present study can be found at (Y. Wang, 2023a), and the model outputs for years 2010 and 2019 
are archived at Zenodo (Y. Wang, 2023b).
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