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ABSTRACT

Accurately quantifying gross primary production (GPP) is crucial for monitoring
carbon cycles, assessing the global carbon budget, and predicting vegetation stress in a
changing climate. Solar-induced chlorophyll fluorescence (SIF), an optical signal
emitted by chlorophyll a during photosynthesis under solar illumination, serves as a
remote sensing proxy for mechanistically understanding photosynthesis from space.
Realistic model parameterization of SIF is critical for constraining GPP estimations.
However, accurate SIF parameterizations and simulations depend on model structure
(mathematical formulation of processes) and parameters (coefficients in these
mathematical formulations). The degree to which model structure and parameters
impact SIF simulations has never been evaluated with independent measurements. In
this thesis, | utilized the Soil Canopy Observation Photosynthesis Energy (SCOPE)
radiative transfer model to simulate SIF and GPP at three forest sites within the
National Ecological Observatory Network (NEON). First, | evaluated the impact of
model structure on SIF simulations, through two sets of simulations with different SIF
parameterizations: 1) based on an empirical non-photochemical quenching (NPQ)
parameterization, and 2) utilizing a mechanistic light reaction (MLR) model by
modeling the fraction of open Photosystem Il (PSII) reaction centers (qL). Second, to
examine the impact of model parameters on SIF (and GPP) simulations, I

compared simulations using parameters that are 1) plant functional type (PFT)-specific
(denoted as ctrl), and 2) foliar trait-specific measurements (denoted as para). Further,

| investigated the impact of subgrid spatial heterogeneity of coarse-resolution SIF



observations and the resulting scale mismatch with model simulations. To achieve this
I compared simulations conducted at tower footprint with a single land cover (denoted
as baseline) vs land cover (LC)-specific simulations within a 0.05° satellite grid. My
analyses revealed that gL-based SIF parameterization outperformed NPQ-based
parameterization in capturing the 16-day SIF time series from Orbiting Carbon
Observatory-2 (OCO-2) and TROPOspheric Monitoring Instrument (TROPOMI)
satellite observations. In addition, foliar trait-specific parameters significantly
improved both the simulated GPP and SIF (when using gL-based scheme). In
particular, the choice of SIF model structure impacted the sensitivity of simulated SIF
to fundamental photosynthetic parameters; for example, the gL-based SIF model has a
higher sensitivity to variations in the maximum carboxylation rate (Vcmax). Finally,
accounting for sub-grid spatial heterogeneity, i.e., explicitly prescribing LAI and
parameters (foliar trait-based) separately for each end member land cover,
significantly improved agreement between the model simulations and satellite
observations. In summary, this thesis highlighted the importance of physiologically
meaningful combinations of model structure and foliar trait-specific parameters, as
well as the consideration of sub-grid spatial heterogeneity in enhancing the realism
and accuracy of SIF simulations. These insights are vital for advancing our knowledge
in estimating, understanding, and predicting SIF and GPP, and ultimately the global

carbon budget in response to climate change.
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1. INTRODUCTION
The accurate modeling of gross primary production (GPP) is crucial in monitoring
carbon cycles, quantifying the global carbon budget, and detecting vegetation stress

under changing climate conditions (Bonan et al., 2011; Liu et al., 2017; Sun et al.,

2023b). However, measuring photosynthesis beyond the leaf scale is challenging

(Porcar-Castell et al., 2014). Solar-induced chlorophyll fluorescence (SIF), from the

passive chlorophyll a fluorescence (ChlaF) emission, has emerged as a mechanistic
proxy for remotely sensing vegetation photosynthesis from space since 2007 (Guanter

et al., 2007; Mohammed et al., 2019; Sun et al., 2023a). Accurate SIF modeling,

facilitated by widely employed leaf/canopy-level radiative transfer models (RTMs), is
essential for understanding the potential stressors in carbon cycles and scaling the

local measurements to large scales (Thum et al., 2017; Ryu et al., 2019; He et al.,

2020; Zhang et al., 2023). Nonetheless, accurately modeling SIF and GPP is also

challenging, due to the model structural error and parameter uncertainties (Bonan et

al., 2011; Bonan and Doney, 2018).

Several modeling studies have primarily employed the leaf-level formulation of the
soil canopy observation photosynthesis energy (SCOPE) model, developed by van der

Tol et al., (2009). This model combines radiative transfer and non-radiative energy

fluxes into a single representation of the soil and vegetation system. To derive the top-
of-canopy (TOC) SIF radiance and reflectance, SCOPE utilizes the leaf-level RTM

Fluspect (Vilfan et al., 2016) and the canopy-level RTM FluoSAIL model (van der Tol

et al., 2009). The SCOPE model comprises submodules representing leaf

photosynthetic processes, incorporating the Farquhar-von Caemmerer-Berry (FVCB)
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photosynthesis model and Ball-Berry stomatal conductance model to estimate leaf-
level photosynthesis and photochemical quantum yield (®P; Farquhar et al., 1980; van
der Tol et al., 2014). This photosynthesis estimation is further used to calculate
fluorescence yield (OF) and consequently, SIF through empirical modeling of non-
photochemical quenching (NPQ, denoted as k), as an exclusive function of ®P,
based on the relative light saturation of photosynthesis (van der Tol et al., 2014). The
initial calibration of the k, equation utilized experimental data from cotton plants
exposed to varying light intensities, CO2 concentrations, and temperatures, and its
performance was evaluated using species of Cs crops (e.g., tobacco) and temperate
woody plants (e.g., grape, deciduous sclerophyll shrub) grown in greenhouses.
Subsequently, Lee et al., 2013 proposed a similar formula for k,, using empirical data
from ten Mediterranean species, naturally grown outdoors (Galmes et al., 2007). These
®P-parameterized empirical formulations of NPQ have been explicitly incorporated
into Terrestrial biosphere models (TBMs)/land surface models (LSMs), such as the
Community Land Model version 4.5 (CLM4.5; Raczka et al., 2019), CLM5.0 (Li
Rong et al., 2022), and have been served as a benchmark for evaluating small-scale
complex 3D models like the Fluorescence model with Weighted Photon Spread
method (FluorWPS; Zhao et al., 2016), and the Fluorescence Radiative Transfer
model based on Escape and Recollision probability (FIuorRTER; Zeng et al., 2020).
Furthermore, this empirical parameterization has been kept intact in the new
generation of the SCOPE model, i.e., SCOPE 2.0 (Yang et al. 2021a).

The model of van der Tol et al. (2014) is useful in assisting in interpreting

relationships between SIF and GPP, but concerns have been raised about the
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uncertainties of model structure and parameters. The complexity involved in modeling
NPQ arises from the inconsistent and delayed release of its multiple components at
different timescales, and its activation and regulation that occur across different cell
compartments (i.e., lumen, thylakoid membrane, and stroma; Han et al., 2022a).
Several studies have reported disagreements in modeled SIF with ground and space
observations. For instance, Yang et al. (2021b) found that the ®P-parameterized NPQ
approach cannot reproduce nonlinear relationships among ®P and ®F from in-Situ
leaf-level measurements, in which ®P is much more responsive to photosynthetically
active radiation (PAR) than ®F (Gu et al., 2019). In addition, the SCOPE model may
struggle to capture the variability in observed SIF signals under stress conditions (e.g.,
water limitation; Canniere et al., 2021). Moreover, Parazoo et al. (2020) revealed
systematic biases in leaf-to-canopy SIF modeling across wide TBMs. Thus, a
mechanistic-based and globally scalable model structure should be developed to
improve model performance, hence promoting meaningful integration with satellite
SIF observations to constrain TBMs.

The mechanistic light reaction (MLR)-SIF equations, proposed by Gu et al. (2019),
establish a theoretical SIF modeling, from modeling the fraction of open Photosystem
I1 (PSI) reaction centers (q,,). Specifically, the FvCB photosynthesis model can be
utilized to calculate the actual electron transport rate (Ja), which in turn can be used to
determine SIF by considering the g, which indicates the redox state of PSII (Kramer
et al., 2004). This qL-based SIF modeling approach is based on mechanistic principles
and has simple intrinsic physical properties, avoiding the complexity of the ®P-

parameterized NPQ approach. The MLR-SIF model has successfully reproduced
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observed photosynthesis at both leaf and canopy scales (Han et al., 2022a; Liu et al.,
2022; Chen et al., 2023), and under varying soil-water conditions (Shi et al., 2022).
However, the applicability of the MLR gL-based SIF modeling approach for
estimating SIF using modeled Ja and q; remains unexplored, and its accuracy and
scalability at the canopy scale have not been validated across multiple sites. We term
this as SIF model structure uncertainties.

In terms of model parameters, SCOPE simulates leaf physiological processes in a
biochemical module as functions of leaf temperature, ambient radiation levels,
intercellular CO2 concentrations (Ci), and other leaf physiological parameters (Collatz
etal., 1991). With SCOPE simulations, GPP is shown to be sensitive to plant
functional type (PFT)-specific photosynthetic parameters, such as maximum
carboxylation rate (\Vcmax) and Ball-Berry stomatal conductance slope (Koffi et al.,
2015; Pacheco-Labrador et al., 2019; Prikaziuk et al., 2023). In contrast, SIF
calculated with the ®P-parameterized NPQ-based parameterization shows
insensitivity to Vcmax values under moderate light conditions and leaf area index
(LAI) values (Koffi et al., 2015; Camino et al., 2019), and is more affected by
chlorophyll content and canopy structure (e.g., leaf inclination and LAI) (Verrelst et
al., 2015; Yang et al., 2019). Furthermore, Han et al. (2022b) demonstrated that the
product of the redox state with SIF (g, xSIF), rather than SIF alone, is a more
powerful predictor of Vcmax sensitivity. We term this as SIF and GPP model
parameter uncertainties.

The vast coverage area of satellite-based sensors allows them to collect SIF signals

across a variety of PFTs, but the 1-D SIF simulation, which is treated as a
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homogeneous stand and usually conducted at coarse spatial resolutions, even with the
appropriate model parameters and model structure, may not be comparable with the
SIF observations due to the diverse biophysical and biochemical properties of
vegetation. Additionally, the spatial resolution of existing native spaceborne SIF
products is relatively low (Sun et al., 2023b). Scaling the relationship between SIF and
GPP is highly influenced by landscape heterogeneity (i.e., PFTs and environmental
conditions), according to empirical analyses. For example, Wang et al. (2021)
demonstrated that environmental conditions such as temperature, radiation, and
precipitation regulate the spatial distribution of light energy in SIF and GPP.
Moreover, the relationship between spatially heterogeneous SIF and GPP can be
influenced by different PFTs (Song et al., 2021). However, a mechanistic and
quantitative analysis of the degree to which spatial heterogeneity can impact SIF
simulations, and how SIF simulations deviate from satellite observations remain
unexplored. Thus, a more robust method of SIF modeling should consider diverse
landscapes to mitigate the impact of spatial heterogeneity.

Therefore, this study aims to examine the impact of model structure, parameter
uncertainties, and landscape heterogeneity on SIF modeling, by conducting
simulations in three National Ecological Observatory Network (NEON) forest sites as
a testbed, with three main objectives. The first objective is to validate the effectiveness
of the mechanistic gL-based model structure in accurately simulating SIF, which relies
on the first-order corrections of GPP modeling. Following the validation of the model
structure, the second objective is to investigate the impact of key photosynthetic

parameters on the simulations of SIF and GPP. Lastly, the third objective is to
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explicitly examine the impact of sub-grid heterogeneity on SIF simulations, which will
offer critical insights for addressing scale mismatch between satellite and in-situ SIF
measurements. These simulations were conducted with the SCOPE radiative transfer
framework and were compared against three satellite products (for SIF) and eddy

covariance (EC) tower-derived fluxes (for GPP).
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2. MATERIALS AND METHOS
We employed the SCOPE framework to simulate forest SIF and GPP fluxes, using
three representative sites within the NEON network. Within the SCOPE modeling
framework, we implemented a process-based parameterization to calculate g, and
subsequently SIF. This qL-based SIF parameterization was compared with the ®P-
parameterized NPQ-based approach that is widely used in the literature (van der Tol et

al., 2014). To drive model simulations, we used a suite of data streams including gap-

filled meteorological and EC observations from the National Center for Atmospheric

Research (NCAR)-NEON system (Lombardozzi et al. 2023), LAI from Copernicus

Global Land Service (CGLYS), key photosynthetic parameters from NEON
measurements and the global database of plant traits (TRY) that are specific to land
cover (LC) types that come from USGS National Land Cover Database (NLCD). To
validate our model simulations, we utilized SIF retrievals from TROPOspheric
Monitoring Instrument (TROPOMI) and Orbiting Carbon Observatory-2 (OCO-2).
Details of our model parameterization, simulation setup, and observational products
for model input and validation are provided below.

2.1. Study sites

We chose three forest sites in the NEON network, which operates 47 terrestrial sites
across the US and Puerto Rico and covers 20 ecoclimatic domains

(https://www.neonscience.org/). These three forest sites have distinct combinations of

LC types and are located in different climate regimes, namely Bartlett Experimental
Forest (BART), Steigerwaldt-Chequamegon (STEI), and the Jones Center At

Ichauway (JERC) (Table 1). The dominant LC type within a 0.05° x 0.05° (the pixel
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size of satellite SIF utilized in this study, Sect 2.3.6) domains is forest (BART: 85 %,

STEI: 58 %, and JERC: 50 %; Table A1), with some urban area in BART (8 %),

wetlands in STEI (22 %), and cultivated crops in JERC (34 %). The LC types within

the tower footprint (defined as 90% flux area of the primary and secondary airsheds of

each tower) in BART, STEI, and JERC are deciduous forest and mixed forest,

deciduous forest, and evergreen forest, respectively (Fig. 1).

Table 1 Characteristics of the three selected NEON sites. The footprint LC represents

the dominant LC at the flux tower from Fig. 1.

Mean Mean Number of
Tower footprint*  canopy Elevation sampling
Name LC height (m)  (m) Latitude Longitude plots
BAR  Deciduous Forest 23 274 44.064  -71.287 16
T & Mixed Forest
STElI  Deciduous Forest 20 476 45509  -89.586 18
JERC Evergreen Forest 27 47 31.195 -84.469 22

290% flux area of the primary and secondary airsheds of each tower

20

-84.49

-84.48
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Fig. 1. The land cover (LC) types of our study domains. Each domain corresponds to a
single SIF pixel at 0.05° x 0.05° resolution. The locations of the flux towers (BART,
JERC, and STEI) are marked with white stars. The LC dataset is from the 2019
National Land Cover Database (NLCD) (Dewitz, J., and U.S. Geological Survey,

2021).

We prioritized these three sites as they had higher quality data during early testing of
the NCAR-NEON system, including fewer data gaps during 2018-2021 than other
sites. Specifically, for each site over the entire study period (48 months), a minimum
of 35 months have at least 50 % valid net ecosystem exchange (NEE) measurements
(Fig. Al). In addition, these three sites have been documented to have greater data
quality and closer agreement with the Community Terrestrial System Model (CTSM)

simulations (Lombardozzi et al. 2023).

2.2. Model simulations
2.2.1. SCOPE model
The SCOPE model is an RTM for multi-layer vegetation canopies that is widely used

for simulating canopy-level photosynthesis and SIF (van der Tol et al., 2009). In our

study, we used the latest version (v2.1; Yang et al., 2021a). At the leaf level, SCOPE

employs a unified four-stream radiative transfer scheme among horizontal canopy
layers, considering leaf orientations towards the sun and sensors in a stochastic

manner (Yang et al., 2021a). Scaling from leaf to canopy level is achieved through

leaf-to-canopy integration, incorporating gap fractions and relative contributions of

leaf angle classes to account for sunlit and shaded leaves. This model has been used in
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studies to estimate GPP and SIF for different PFTs across regional and global scales

(e.g., Cui et al., 2020; Li Xiaoyao et al., 2022; Prikaziuk et al., 2023).

2.2.2. The NPQ-based SIF parameterization

The leaf-level parameterization of SIF emission in SCOPE is based on the regulated

heat dissipation process and ®P (NPQ-based in Fig. 2). Specifically, ky (the rate

constant of NPQ) is computed first as an empirical nonlinear function of the degree of

light saturation (x;, defined as the ratio of the actual vs potential electron transport rate

(ETR) Ja,i/]p,1, hereafter with subscript [ denoting sunlit or shaded leaves in a canopy):

1+ B)x”

kN,l = kl(\)l,l B+ x,%

where ky ;, a and B are coefficients/parameters fitted with a limited number of

experimental data (from cotton, and maize, van der Tol et al., 2014). Here x; is
computed as:

 dm
¢P0,l

xl=1

with ¢p ; and ¢pq,; denoting the actual and potential photochemistry yields,
respectively. ¢p; can be generated using:

Jar

¢P,l = ¢P0,z
]p,l

(1)

(2)

(3)

where ], ; can be calculated from gross photosynthesis (4g;), which is derived from

FvCB in SCOPE (Eq. A1-A2 in Text Al), and ], , is derived with the absorbed

photosynthetically active radiation (APAR;):

22


https://doi.org/10.1016/j.agrformet.2020.108169
https://doi.org/10.1016/j.rse.2022.112892
https://doi.org/10.1016/j.rse.2022.113324
https://doi.org/10.1002/2014JG002713

4(C;y + 2T
AglM, for Cs speci
Jaq =

Ci,i - [2* (4)
k mAgl, for C, species
Jpi = 0.5-APAR; - ¢po, (5)
kp
= 6
¢P0,l kP +k1:' +kD,l ( )

where C;; is the intercellular CO2 concentration, and ;" is the CO2 compensation
point in the absence of mitochondrial respiration in the light for Cs plants. kp and k.
can be assumed to be constants, representing the rate constants of photochemistry and
ChlaF emission, respectively. kp,; is modeled using a linear regression of leaf
temperature (7}, k) when above 26.5 °C, to represent the processes of unregulated heat

dissipation (van der Tol et al., 2014):

kp = 4.0 (7)
ky = 0.05 (8)
kp, = max(0.8738, 0.0301T, + 0.0773) (9)

Once J,; is derived, the steady-state fluorescence yield (¢r,) at the leaf level can be
obtained by combining the photochemical yield (¢p ;) and the fluorescence yield at
saturating irradiance for a light-adapted leaf (¢, ;) at the leaf-level:

br1 = Prmi(1— dp,) (10)

ke
krp+kp, + kn;

(11)

¢Fm,l =

Ultimately, the leaf-level ChlaF emission (denoted as F, ;) for each layer is generated

by multiplying APAR,; and ¢ ;. Considering that the total canopy is separated into
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sunlit and shaded leaves in the SCOPE, the Fe for the sunlit- (F, ) and shaded-

(Fe sna) leaf groups were respectively generated as:
Fesun = APARgyp - PF sun (12)
Fesna = APARspq - r sha (13)
where APAR,,/APAR g, and ¢p s/ Pr snq represent the corresponding sunlit and

shaded APAR and ¢, respectively.

Model input
qL parameters Meteorology LAI Foliar traits

—

FvCB
photosynthesis model

iPotential parameter uncertainty

GPP

qlL-based . NPQ-based
Y ¢

@p Potential parameter and

| l structure uncertainty
NPQ

ky —_—

|

koF: ®psiimax Prm

o

Fig. 2. Diagram of modeling leaf-level GPP and SIF in SCOPE, with NPQ-based
(yellow pane; van der Tol et al., 2014) and gL-based (green pane) modeling strategies
(this paper), respectively. The symbols are defined in Table 2. The gL-based and

NPQ-based SIF parameterization share the same meteorological forcing and
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vegetation properties (red pane), including LAI and foliar traits. Also, both SIF

parameterizations share the same photosynthesis model, i.e., FvCB (blue pane).

Table 2 Notations used in the SCOPE model.

Symbols Model parameters Units

Leaf and canopy parameters:

Cab Leaf chlorophyll content ug cm™2

Cca Leaf carotenoid content ug cm™2
Cdm Leaf dry matter content ug cm™2

Cw Equivalent water thickness in leaves cm

Vemaxzs Maximum carboxylation capacity (at 25°C) umol m=2s71
LAI Leaf area index m?m ™2
Meteorological variables:

Ta Air temperature °C

Rin Broadband incoming shortwave radiation W m™2

Rli Broadband incoming longwave radiation W m™2

P Aiir pressure hPa

ea Atmospheric vapor pressure hPa

u Wind speed ms~1

z Measurement height m
NPQ-based SIF parameters:

Jp Potential electron transport rate umol m™2s71
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kn Rate constant of NPQ

bp Actual photochemistry yield

bpo Potential photochemistry yield

br Steady-state fluorescence yield

Drm Fluorescence yield at saturating irradiance for a

light-adopted leaf

gL-based SIF parameters:

PAR Photosynthetically active radiation

agL, baL Empirical parameter for calculating q,, as a function
of PAR

q. The fraction of open PSII reaction centers

Kor The ratio of kp to kr

D psimmax Maximum quantum efficiency of PSII in dark-

adapted leaves

Common parameters:

Ja Actual electron transport rate

F, leaf-level ChlaF emission

umol m=2s71

umol m™2s71

umol m=2s~1

2.2.3. The q;-based SIF parameterization

The gL-based model is a mechanistic model that simulates redox reactions along the

electron transport chain to describe g, dynamics by PAR (Fig. 2; Gu et al., 2019).
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This model has been employed to establish the relationship between photosynthesis
and SIF at the leaf scale for various PFTs under varying environmental conditions
(e.g., Han et al., 2022a; Han et al., 2022b; Shi et al., 2022). Similar to the NPQ-based
strategy, it also relies on FvCB to estimate J,(the blue panel in Fig. 2). The difference
from NPQ-based modeling is that it computes the leaf-level SIF emission via q;, the
fraction of open PSII reaction centers, which indicates the redox state of PSII
acceptors:

1- ¢PSIImax 1
F,, = — (14)
et ®psiimax(1 + kDF)]a'l qr

where ¢ psiimax 1S the maximum photochemical quantum efficiency of PSII in dark-
adapted leaves, and k5 is the ratio of k, and kg, which is treated as a constant value
in this study (Han et al., 2022a):
kpr = 10 (15)

To model q,, we utilized the parsimonious equation from Han et al. (2022a). It
calculates g, as a function of incident PAR for each layer:

q, = aqLe—quPAR (16)
where a4, and b,, are PFT-specific parameters derived from leaf-level pulse
amplitude modulated (PAM) measurements in Han et al. (2022a). The gL-based model

parameters (aq,, bg, , and @ psiimayx) are PFT-specific for each simulation and are

qr’

listed in Table A2.
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Finally, Fe; in EQ. (14) is generated for the sunlit- (Fes,,,) and shaded- (Feg,,) leaf

groups, as J, is also separately calculated by sunlit- (J, s,,,,) and shaded- (/, spq)

leaves:
1- (»bPSIImax 1
E = Ji — (17)
S bpsimax (1 + kpp) " qy
1-— 1
_ ¢PSIImax (18)

Fyona = Josha —
esha ®psimmax(1 + kpr) asha qi

2.2.4. Leaf-canopy radiative transfer

In the SCOPE model, a connection between photosynthesis and fluorescence is
established through fluorescence emission efficiency (&), for both sunlit and shaded
leaves (&g, and &, ), respectively. These efficiencies are derived from corresponding
ChlaF emission (Feg,, and Feg,,) and the fluorescence yield for a night-adapted leaf

(Dro.sun and @rq snq) at the leaf-level:

Fe,sun

Equn = (19)
sut ¢F0,sun
Fe sha
Egpg = —% (20)
sha ¢F0,sha
ke
$ros = (21)
POl kep + kep, + kp

Within the fluorescence module, TOC SIF (in umol m=2s~1) is simulated,
accomplished by modeling the fluorescence radiative transfer process in a multi-layer
canopy (up to 60 layers), as a function of the solar zenith angle and leaf orientation

(van der Tol et al., 2009; Yang et al., 2021a).
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2.2.5. Simulation setup

The FvCB biochemical model of photosynthesis in SCOPE provides Ja, which serves
as an input for both NPQ- and gL-based SIF parameterization methods (Fig. 2). To
check the first-order corrections of this photosynthesis modeling framework, we first
compared the impact of model parameters on GPP simulations (i.e., foliar trait-
specific vs. PFT-specific/default parameters). To assess the effects of model
structure (i.e., gL-based vs. NPQ-based SIF parameterization), model parameters,
and landscape heterogeneity (i.e., heterogeneous vs. homogeneous sub-grid) in
simulating SIF, we subsequently conducted a series of simulations to evaluate their
impacts.

Regarding the model structural impact, we compared the NPQ-based SIF
parameterization (Eq. (1-13)) to the qL-based SIF parameterization (Eq. (14-18)). For
the model parameter impacts, we performed control simulations (denoted as -ctrl)
using default SCOPE parameters (except for Vcmax,s), and parametric simulations
(denoted as -para) where we varied five photosynthetic parameters that are foliar trait-
specific, including the leaf chlorophyll content (A and B, Cab), leaf carotenoid content
(Cca), leaf dry matter content (fresh and dry, Cdm), equivalent water thickness in
leaves (Cw), and the maximum carboxylation capacity at 25 °C (Vcmax,e).
Considering that the Vcmax, s varies significantly across and within PFTs (Rogers et
al., 2014; Prikaziuk et al., 2023), we set the default Vcmax, values in control (-ctrl)
simulations based on the PFT defined by Groenendijk et al., 2011. Furthermore, we
chose BART and JERC to examine the impact of sub-grid heterogeneity, because

these two sites show substantial sub-grid heterogeneity of LC and LAI within a 0.05°
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SIF grid (Fig. 1 and A2). For instance, at BART, deciduous, evergreen, and mixed
forest has area coverage of 27 %, 20 %, and 38 % of the 0.05° grid, respectively
(Table Al). At JERC, evergreen forest and cultivated crops account for 44 % and 34
% of the 0.05° SIF grid. In terms of LAI, urban areas exhibit lower values than those
of forests at BART, while at JERC, LAI of evergreen forests is much higher than that
of adjacent croplands (Fig. 3 and A2). Compared to the other two sites, STEI tends to
have a lesser degree of sub-grid heterogeneity within a 0.05° grid. For example, the
two dominant LC types, deciduous forest (33 %) and mixed forest (21 %), show
similar LAI values across the growing season (Fig. 3). Furthermore, wetlands cover
the second-largest area at STEI, occupying 22% of the total LC.

Detailed information about the simulation setup can be found in Table 3, and the
foliar trait-specific parameters used for simulations are provided in Table 4.
Additionally, we set the constant coefficients (a4, and by, ) of gL-based models for
each site following Han et al., 2022a and the Kdppen climate classes (Peel et al., 2007;

Table A2).

Table 3 Model simulation setup in this study.

Simulation Parameter values

experiments in FvCB Parameterization of SIF
NPQ-ctrl SCOPE default Eq. (1-13)

gL-ctrl SCOPE default Eq. (14-18)
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Simulation Parameter values

experiments in FvCB Parameterization of SIF
NPQ-para trait-specific Eq. (1-13)

(Table 4)
gL-para trait-specific Eq. (14-18)

(Table 4)

Table 4 Foliar trait-specific parameters used for SCOPE simulations. Cab, Cca, Cdm,
and Cw were obtained from the NEON plant foliar traits dataset (NEON1). Vcmax s
refers to the maximum carboxy/lation capacity at 25 °C and was from TRY database.
Other parameters (including leaf angle distribution, coefficients for Ball-Berry
stomatal conductance model, Vcmax canopy extinction coefficient, and other leaf
biochemical parameters) were set as the default values in SCOPE and not listed here
(refer to Table C.6 in Prikaziuk et al., 2023). For brevity, DF refers to deciduous

forest; EF refers to evergreen forest; MF refers to mixed forest; CRO refers to

cropland.
NEON
number
Simulation Cab Cca Cdm Cw of Vemax,s (
experiments (ugem™2)  (ugcem™2) (ugcm™2) (cm)  samples® umol m=2s71)
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Control (-ctrl) 40 10

Parametric (-

para):

STEI:

Baseline? 41.0 8.6

BART:

Baseline 39.5 9.5

BART-DF 47.1 111
BART-EF 45.8 10.8
JERC:

Baseline 27.1 6.8

JERC-EF 29.8 6.6

JERC-CRO 21.8 4.4

0.012

0.008

0.011

0.010

0.014

0.011

0.013

0.005

0.009

0.010

0.011

0.010

0.020

0.008

0.012

0.007

19

15

16

18

3

DF: 31; EF: 28;
MF: 36; CRO:
49
(Groenendijk et

al., 2011)

38

44

35

59

49

57

49

aBaseline simulations use photosynthetic parameter values from samples collected

within the flux tower footprint, precisely within the dominant vegetation type around
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the tower, as defined by NEON. The selection of samples follows a spatially balanced,
random design.

®The number of samples is determined by NEON1.

In the context of parametric simulations (both NPQ-para and gL-para), we initially ran
baseline simulations, i.e., no sub-grid heterogeneity was considered for each site. To
achieve this, we used foliar traits (Cab, Cca, Cdm, and Cw) obtained from samples
collected around each flux tower, and LAI from the CGLS grid (300 m x 300 m)
corresponding to the location of the flux tower. Next, we ran simulations that
explicitly account for sub-grid heterogeneity. To achieve this, we conducted end-
member LC-specific simulations for a 0.05° grid at BART and JERC respectively.
Each simulation has species-specific foliar traits (Cab, Cca, Cdm, and Cw) from
samples located within the corresponding LC type (according to the NLCD class in
NEON’s metadata) and LC-specific LAI based on high-resolution LC datasets. In para
simulations, we set the parameters Cab, Cca, Cdm, and Cw to the median values of 3-
19 samples from NEON foliar trait datasets (during 2017-2022, Table 4, NEON1).
Vemax, values were set as the median values of 3-5 species from TRY database
(Kattge et al., 2021), and detailed information about our criteria for selecting species
can be found in Sect. 2.3.3. Next, we specified the LC-specific Vcmax,s values for
deciduous forest and evergreen forest, based on the unique species found in TRY
database. Specifically, the Vcmax,< values from species Pinus strobus (family:
Pinaceae), Acer rubrum (family: Aceraceae), and Pinus palustris and Quercus
hemisphaerica (family: Pinaceae and Fagaceae) found in TRY database were set for

BART-evergreen forest (BART-EF), BART-deciduous forest (BART-DF), and JERC-
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evergreen forest (JERC-EF), which are dominant species/families in BART and JERC,
according to the NEON sampling (NEON2). The Vcmax,5 value for JERC-croplands
(JERC-CRO), which the TRY database does not contain, was obtained from
Groenendijk et al., 2011. While we set the trait-specific parameters as constant with
time in SCOPE, we varied them spatially in the parametric simulations, derived from

NEON measurements and TRY database (Table 4).

8 BART STEI
8 . ® .

6 d . . d

4 .

2] ' ’
N 0 ll\\ 2 L' i J ’\‘l - ]
S 2018 2019 2020 2021
e JERC
S 8
~ |(e) . .
< 6 — " Urban «  GBOV in situ: Miller
= —— Deciduous forest GBOV in situ: Wilson

4 —— Evergreen forest Wetlands

2 Mixed forest Cultivated crops

—— CGLS at Tower
2018 2019 2020 2021
Date

Fig. 3. Time series of LAI for the LC types with > 5 % area percentage (Table Al) in
(a) BART, (b) STEI, and (c) JERC. The black line indicates the LAI at one CGLS 300
m x 300 m grid, which corresponds to the location of the flux tower. The brown and
yellow dots indicate the in-situ measurements with two different methods (Miller 1967
and Wilson 1963), from the Ground Based Observations for Validation (GBOV)

service.

All simulations were carried out with SCOPE v2.1 and driven by meteorological

variables (air temperature, shortwave/longwave radiation, air pressure, and wind
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speed) and satellite LAI at three NEON sites. Table 2 lists all parameters and
variables used in SCOPE. The meteorological variables are available half-hourly and
are identical for all simulations. CGLS LAI data is provided around every 10 days and
linearly interpolated to match the time step of the meteorological variables in the
SCOPE model (i.e., half-hour in our simulations). For the LC-specific LAI time series,
we first regridded the 30 m LC data to a 300 m resolution within the 0.05° grid, based
on the dominant LC type in each grid (Table Al). Subsequently, we computed the
average of 300 m LAI values under the same LC types for each 0.05° grid (Fig. A2).
The model simulation performance was evaluated with metrics such as Nash-Sutcliffe
modeling efficiency (MEF; Nash & Sutcliffe, 1970), root-mean-square error (RMSE),
fractional bias (FB), and slope of the linear regression trend (Text A2).

2.3 Datasets

We utilized in-situ meteorological observations, LAI from satellite observations,
and foliar traits from either NEON measurements (if available) or otherwise TRY
database to drive SCOPE simulations. We then compared the simulated GPP with EC-
derived GPP from the flux tower, and simulated SIF with satellite SIF at 0.05°. Refer

to Table 5 for all the datasets utilized, with detailed descriptions provided below.

Table 5 Datasets used for driving and evaluating SCOPE model simulations.

Spatial Temporal

Data Usage  resolution resolution Data sources Reference
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Meteorological Input
forcing (air
temperature, air
pressure, relative
humidity, wind
speed,
shortwave/longw
ave radiation)
LAI Input
Cab, Cca, Cdm, Input
Cw

Vemax,s Input
GPP from NEE-  Model
partitioning Evaluati

(daytime-based on

(Lasslop et al,

In-situ
(tower

footprint)

300 m

In-situ
(tower

footprint)

Within 300
km x 300

km radius

In-situ
(tower

footprint)

Half-hourly

10 days

Time-

invariant

Time-

invariant

Half-hourly
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NCAR-NEON

V2

CGLSv11

NEON

DP1.10026.001

TRY

NCAR-NEON

V2

Lombardozzi

etal., 2023

Fuster et al.,

2021

NEON1

Kattge et al.,

2021

Lombardozzi

etal., 2023
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2010; Pastorello

etal., 2021))
OCO-2 SIF Model  0.05° 16-day SIFoco-2_o0s Yuetal.,
Evaluati 2018
on
TROPOMI SIF Model  0.05° 16-day Caltech Kohler et al.
(Caltech) Evaluati (2018)
on
TROPOMI SIF Model  0.05° 16-day European Space  Guanter et al.,
(ESA) Evaluati Agency 2021
on

2.3.1. Meteorological data
At terrestrial NEON sites, carbon, water, and energy fluxes are measured with the
EC technique (Baldocchi 2003), in conjunction with observations of various
meteorological variables. To address gaps in the original NEON data, ranging from
hours to months, we employed gap-filled meteorological data from the NCAR-NEON
dataset (Lombardozzi et al. 2023). Additionally, we incorporated ERA5-Land
reanalysis as meteorological inputs for ONEFlux data pipeline (see Sect. 2.3.5; Mufioz
Sabater, J., 2019). Specifically:

a) NCAR-NEON quality-controlled dataset, which provides half-hourly

measurements of meteorological variables
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(https://storage.googleapis.com/neon-ncar/listing.csv; Lombardozzi et al.
2023). These include air temperature, incident longwave/shortwave radiation,
air pressure, precipitation, relative humidity, and wind speed.

b) ERAS5-Land (Mufioz Sabater, J., 2019), with a spatial resolution of ~11 km.
This dataset provides meteorological variables such as air temperature, dew
point temperature of air, incoming shortwave/longwave radiation, total
precipitation, surface pressure, and wind speed.

To correct and downscale the ERA5-Land meteorological data, from the original
hourly to the half-hourly time step for each site, we followed the gap-filling procedure
of VVuichard and Papale, 2015, separately for each month of a year. The resulting de-
biased and gap-filled meteorological data were utilized as inputs for both the
ONEFlux processing pipeline for NEE-partitioning and SCOPE model simulations.
2.3.2. Leaf area index (LAI) data

The LAI data comes from CGLS 300 m V1.1 (Fuster et al., 2021). This dataset was
derived from PROBA-V and Sentinel-3 OLCI, covering the time period of January
2014 to the present and available around every 10 days. We used both RT5 (50 days
consolidation of the Real-Time products (RT0), Jan. 2018 to June 2020) and RT6
(July 2020 to Dec. 2021) products (Fig. 3). To verify the CGLS LAI, we compared it
with in-situ LAI (Brown et al., 2020), from the existing environmental monitoring
networks Ground Based Observations for Validation (GBOV) service. GBOV
estimates LAI using digital hemispherical photography (DHP) with two different
methods (“Miller 1967 and “Wilson 1963”). Our results confirm the overall

consistency between CGLS and GBOV LAl (Fig. 3), except for some differences in
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BART (for the entire period) and in JERC during the spring of 2018 and 2019. Such
differences may arise from an overestimation of the “Miller 1967 approach due to
unstable estimates of Plant Area Index (PAI) under canopies with different leaf angle
distributions (LAD) (Leblanc et al., 2014), as well as mismatch in spatial resolutions
between the two datasets (ie., 300 m for CGLS and 20 m plots for GBOV).

2.3.3. Foliar traits data

We obtained foliar traits data from two sources: 1) NEON measurements of sampled
foliage traits, including Cab, Cca, Cdm, and Cw (Table 4, NEON1). NEON
established 16-22 plots (with a size of 20 m x 20 m) to sample foliage from
dominant species at a 5-year cycle, either within the tower footprint or at stratified-
random distributed plots nearby. The data we used consisted of 19-36 samples at
each site gathered from dominant species at a 5-year cycle (2017 and 2022). The
Vemax,s values come from the TRY database (Kattge et al., 2021). We selected
records that belong to the same species as reported in the NEON sampling by
plots (NEONZ2), within an area of 9x10* km? around the flux tower. For all species at
each site, we collected a total of 73 records for baseline simulations, which represent
12 different species.

2.3.4. Land cover data

We utilized the USGS NLCD 2019 product at 30 m resolution, assuming no major LC
changes within our study period (Dewitz, J., and U.S. Geological Survey, 2021) (Fig.
1). To derive LC-specific LAI, NLCD LC types were spatially aggregated to match

the 300 m resolution of LAI (see Sect. 2.3.2). To achieve this, we calculated the
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frequency of each LC type within a 300 m x 300 m grid and assigned the most-
occurring LC type as the dominant LC type.

2.3.5. EC data from NEON towers

We obtained EC data from NEON flux towers to evaluate GPP simulations. These EC
data are available half-hourly from 2018 to 2021, and are quality-controlled and gap-
filled by the NCAR-NEON team (Lombardozzi et al. 2023). In order to obtain the
standardized GPP that aligns with the FLUXNET2015 dataset, we partitioned the NEE
utilizing the ONEFIlux processing pipeline (Pastorello et al., 2021). ONEFlux employs
both the daytime (Lasslop et al., 2010) and nighttime NEE-partitioning approaches
(Reichstein et al. 2003). We compared GPP from these two methods and found
negligible differences on the daily scale. Therefore, we used the daytime approach for
our model evaluation. Here daily GPP estimations that lack the original NEE input for
any single half-hour in a day were excluded from our analysis.

2.3.6. Satellite SIF products

We utilized two satellite SIF datasets for our model evaluation: National Aeronautics
and Space Administration (NASA)'s OCO-2 and the TROPOMI onboard the
Copernicus Sentinel-5P mission.

We used a spatially contiguous OCO-2 SIF product with a 16-day temporal and 0.05°
spatial resolution (Yu et al., 2018). This product employed machine learning
algorithms to fill the spatial gaps of the native OCO-2 SIF with the Moderate
Resolution Imaging Spectrometer (MODIS) Bidirectional Reflectance Distribution

Function (BRDF)-corrected reflectance. The OCO-2 SIF was evaluated at 757 nm and
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further converted to 740 nm, at which TROPOM I SIF is retrieved, by multiplying with
a wavelength scaling factor (1.69) following \Wen et al. (2020).

TROPOMI SIF, with a daily global coverage at a resolution of 7 km x 3.5 km (at
nadir) in the near-infrared range. In this study, we used two TROPOMI SIF retrievals
from Caltech (Kohler et al. 2018) and ESA (Guanter et al., 2021), respectively. To
match the resolutions with the OCO-2 data, we aggregated the TROPOM I data to the
same 16-day 0.05° resolutions, based on the Generic Gridding Routine
(https://github.com/cfranken/gridding). Prior to regridding to 0.05°, we applied
multiple criteria to screen both TROPOMI SIF retrievals following Guanter et al.
(2021), which exclude the data with cloud fraction greater than 80 %, view zenith
angle (VZA) greater than 60°, sun zenith angle (SZA) greater than 70°, and absolute
SIF values larger than 10 W m~2 um~! sr~1. In addition, TROPOMI has a wide
swath (across 2600 km), with VZA varying from nadir to ~60° (\Veefkind et al., 2012;
Guanter et al., 2021). Joiner et al. (2020) reported that this large VZA variation would
produce systematic differences in SIF; fortunately, such VZA-introduced SIF variation
can be mitigated if sufficient samples in a grid are included for averaging. To ensure
consistency in sun-sensor-viewing geometry between level 3 SIF data and model

simulations, we set VZA to 0 in SCOPE.
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3. RESULTS
3.1. Impact of photosynthetic parameters on simulations of GPP
First, we assessed the degree to which the five photosynthetic parameters (Cab, Cca,
Cdm, Cw, and Vcmax,s) impact the NPQ-based simulation of GPP for three forest
sites over diurnal, daily, and seasonal scales, from 2018 to 2021 (Fig. 4-6). Our
analysis indicated that the NPQ-based GPP simulations with adjusted photosynthetic
parameters (NPQ-para) displayed a more robust agreement than the simulations with
default photosynthetic parameters (NPQ-ctrl), when compared with EC-derived GPP,
which exhibited more day-to-day variation than the model simulations, across all three
sites during peak seasons. For instance, during the period from the 150th to the 300th
day of the year, the mean differences between NPQ-para and EC-derived GPP in
BART, STEI, and JERC were 8.5 %, 5.7 %, and 6.9 %, respectively (Fig. 4c, 5c, 6c).
In contrast, NPQ-ctrl simulations exhibited mean differences of -12.8 %, -9.8 %, and -
26.7 % for the same sites. Note that EC-derived GPP in STEI showed slightly lower
values during the dormant season (e.g., before the 120th day, Fig. 5¢), compared to
both NPQ-ctrl and NPQ-para simulations. This variation might be attributed to a data
quality issue of the observed NEE, i.e., the unrealistically rapid rises in spring during
2018 and 2019, which did not occur in 2021 (Fig. 5a). Analyzing diurnal variations, as
anticipated, the NPQ-para GPP showed higher consistency with EC-derived GPP in
STEI (3.7 %) and JERC (1.1 %) during the growing seasons (dates between average
green increasing and average green minimum day), when compared to NPQ-ctrl (with
differences of -11.5 % and -31.2 % in Fig. 5b and 6b). While the GPP diurnal

difference during growing seasons in BART NPQ-para (11.7 %) was slightly higher
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than NPQ-ctrl (-10.4 %). Meanwhile, the diurnal differences for the whole year
between NPQ-para (10.8 %) and EC-derived GPP were much more pronounced than
that for NPQ-ctrl (-5.7 %) in STEI (Fig. 5b), also likely due to the generally lower

EC-derived GPP values during the dormant seasons of 2018 and 2019.
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Fig. 4. Temporal dynamics of GPP from NPQ-ctrl, NPQ-para, and EC-derived,
respectively, at BART from 2018 to 2021: (a) daily GPP; (b) mean diurnal cycle from
Jan. 2018 to Dec. In (b), the dashed lines represent the mean diurnal cycle during the
growing seasons. The growing seasons are referred to as dates between average green
increasing and average green minimum day according to NEON metadata. Note that

we excluded the daily values that were averaged from all gap-filling timestamps.
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Fig. 5. Same as Fig. 4, but for STEI.
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JERC (Evergreen Forest)
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Fig. 6. Same as Fig. 4, but for JERC.

Furthermore, we compared the performance of NPQ-para and NPQ-ctrl simulations, in
replicating daily GPP values with EC-derived GPP. While the agreement between
NPQ-ctrl GPP simulations and EC-derived GPP appeared reasonable (Fig. 7a, c, e,
yielding MEF > 0.47 (higher values mean greater consistency); regression slope =
0.54-0.70), NPQ-para simulations demonstrated better performance (Fig. 7b, d, f,
MEF > 0.67, slope = 0.77-0.82), which indicated the positive impact of adjusting

model parameters on GPP simulations.
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Fig. 7. Comparison of (a, c, e) NPQ-ctrl and (b, d, f) NPQ-para simulations of daily
mean GPP against EC derived observations at (a, b) BART, (c, d) STEI, and (e, f)
JERC during 2018-2021. The blue dashed line represents a 1:1 relationship, and the

black line represents the regression relationship of simulations with observations. The
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values of MEF (ranging from —Inf'to 1), FB, RMSE (gC m~2 d 1), and the regression

equations are on top of each panel.

Overall, these results suggest that foliar trait-specific parameters could potentially
enhance the performance of GPP simulations, at the diurnal, daily, and seasonal

scales. Moreover, by comparing the impact of these parameters on GPP simulations,
we have demonstrated the first-order corrections inherent in SCOPE's photosynthesis
modeling.

3.2. Effect of model structure and parameters on SIF simulation

Next, we examined the impact of model structure (i.e., NPQ-based vs qL-based) on
the realism of SIF simulations at three NEON sites. Fig. 8-10 depict comparisons of
SIF temporal dynamics over diurnal, 16-day, and seasonal scales. Our results indicated
that the NPQ-based SIF parameterization generated better agreement with OCO-2 and
TROPOMI SIF during peak seasons at all three sites; conversely, gqL-based SIF
parameterization was superior in capturing the temporal dynamics of non-peak and
shoulder seasons. Notably, the NPQ-based SIF parameterization consistently yielded
higher SIF values than qL-based parameterization throughout the day-time and
TROPOMI observations during the overpass time, except for gL-para in JERC (Fig.
8b, 9b, 10b). These findings demonstrated the significant impact of model structure on
SIF simulations. The cause of the incapability of qL-based SIF parameterization in
reproducing the observed peak-season and daytime SIF magnitude is examined in-

depth in Sect. 3.3.
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Fig. 8. Temporal dynamics of SIF from NPQ-ctrl, NPQ-para, gL-ctrl, gL-para, and
satellites, respectively, at BART from 2018 to 2021: (a) 16-day time series; (b) mean
diurnal cycle from June 2018 to June 2021; and (c) mean seasonal cycle from June
2018 to June. The shaded regions in (c) represent the upper and lower bounds of
TROPOMI and OCO-2 observations. Note that in (b) we compared with instantaneous

TROPOMI SIF and excluded dates without satellite observations.
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Fig. 9. Same as Fig. 8, but for the site STEI.
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Fig. 10. Same as Fig. 8, but for the site JERC.

Furthermore, we evaluated the effect of model parameters on SIF simulations. The qL-
para simulations, which used foliar trait-specific photosynthetic parameters, showed
improved consistency with OCO-2 and TROPOMI observations, especially in the SIF
magnitude during the peak seasons (May to Sept.) compared to the qL-ctrl simulations
(Fig. 8c and 9c). In BART and STEI, the gL-para simulations exhibited substantially
better overall performance than gqL-ctrl (i.e., higher MEF, lower Bias and RMSE,
slope values closer to 1, Fig. A3-Ab).

On the other hand, the differences between NPQ-para and NPQ-ctrl across the diurnal
and seasonal cycles for all three sites were relatively small (less than 10 % in Fig. 8-

10). This suggests that the simulated SIF is relatively insensitive to the model
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parameters when using NPQ-based SIF parameterization. For example, NPQ-para and
NPQ-ctrl exhibited almost identical simulated diurnal and seasonal dynamics, while
there are substantial differences in simulated SIF temporal dynamics between gL -para
and gL-ctrl, with discrepancies ranging from 30 % to 70 % in these sites. These results
indicate that simulated SIF is more sensitive to photosynthetic parameters when using
gL-based SIF parameterization.

3.3. Spatial heterogeneity effects on SIF simulation

In both BART and JERC, there are still discrepancies in SIF simulation between qL-
para experiments and satellite SIF, including both underestimation and overestimation
of SIF. For example, there is a low bias in the peak season of 2020 in BART (Fig. 8),
and large positive biases in the early summers of 2020 and 2021 in JERC (Fig. 9). To
pinpoint the cause of these remaining discrepancies, we explicitly conducted LC-
specific SIF simulations, which have LC-dependent model parameters (trait-specific)
and LAI (Table 4, and Fig. 3). We denoted these simulations as BART-EF, BART-
DF, JERC-EF, and JERC-CRO.

We first aggregated the CGLS LAI based on the LC type in each 0.05° x 0.05° study
domain and compared it with the LAI grid at the tower (Fig. A2). There were only
minor LAI differences between deciduous and evergreen forests in BART, and the
aggregated LAI of these two forests was similar to LAI at the tower site (LC:
deciduous forest; Fig. 3). However, there are major discrepancies between the
evergreen forest and cultivated crops in JERC (~20 %), and both were lower than the
LAI at the tower (LC: evergreen forest; Fig. 3). In addition, the growing season of the

evergreen forest is earlier and longer than the cultivated crops in JERC. These LC-
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dependent differences likely contributed to the overestimation and incorrect seasonal
cycle of SIF simulations in JERC.

Furthermore, there are substantial variations in model parameters (Cab, Cca, Cdm,
Cw) obtained from different LC plots around the same tower at both sites (Fig. A6).
These parameter differences range up to 80 % for BART and 55 % for JERC. All
parameters of BART evergreen forest were higher than those around the tower (14 to
81 %), while those for JERC cultivated crops were lower than those around the tower
(-6 to -55 %).

Fig. 11-12 show the comparisons of area-weighted LC-specific SIF simulations for the
0.05° grid with TROPOMI and OCO-2 observations. Our results revealed much
enhanced agreement with observations relative to the original baseline SIF
simulations. Specifically, LC-specific gL-para simulations can capture the seasonal
dynamics in both sites, not only capturing the dormant and shoulder season SIF, but
also the peak season SIF magnitude. These results demonstrated that spatial

heterogeneity may lead to huge biases in model simulated SIF.
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Fig. 11. Same as Fig. 8, but for using the LC-specific LAI and foliar trait values in
simulations, with a weighting of 35.5 % for evergreen forests and 56.5 % for the
deciduous forests. The weighting values are the percentage of aggregated LC area
within the 0.05° x 0.05° domain (Table Al). Dashed lines represent (b) mean diurnal

cycle and (c) mean seasonal cycle of the baseline simulations.

53



JERC (Evergreen Forest|Cultivated Crops)

1.2 —— NPQ-ctrl qL-ctrl +« TROPOMI (ESA) « 0CO-2
’ —— NPQ-para —— gl-para = TROPOMI (Caltech)
1.01
0.8
0.6 1
0.4
= 0.2
00— ‘ . . : ‘ : : :
S 201801 501807 5019-0% 501907 502000 20-07 921-03 502107 5022-01
ol Date
= 1.2
= Baseline Obs: satellite
= 3 NPQ-ctrl ," \‘ 1.0 A
e - NPQ-para / y
7 qL-ctrl 0.8
24 gL-para
0.61
1{ (b) 041 /
0.2_ e ’,“’
0 T " " Y o0+
0 5 10 15 20 1 2 3 45 6 7 8 9101112
Hour (Local) Month

Fig. 12. Same as Fig. 11, but for JERC, with a weighting of 56 % for evergreen forests

and 38 % for cultivated crops.

We also compared the LC-specific SIF simulations with the baseline simulations at the
diurnal and seasonal scales (Fig. 11b-c, 12b-c). gL-para exhibited substantial
differences/improvements over gL-ctrl (Fig. A7-A8), indicating that foliar trait-
specific parameters are necessary for augmenting SIF simulations when sub-grid
heterogeneity was explicitly accounted for. In contrast, NPQ-based SIF
parameterization did not exhibit much improvement compared to baseline, indicating
its insensitivity to sub-grid heterogeneity treatment. Specifically, the differences
between LC-specific and baseline in NPQ-ctrl and NPQ-para remained below 15 % in

both BART and JERC over diurnal cycles during the growing seasons and seasonal
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cycles throughout the seasons. Conversely, notable improvements were observed in
the case of gL-ctrl and gL-para, with differences reaching approximately 32 % and 30

% in BART, and -18 % and -29 % in JERC, respectively.
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4. DISCUSSION
In this study, we demonstrated the efficacy of qL-based model structure, foliar trait-
specific parameters, and landscape heterogeneity to address the complexities and
uncertainties of SIF modeling, using three NEON forest sites as a testbed. Through
achieving these objectives, our study contributes to the development of more accurate
models of SIF and GPP, which are essential for improving our understanding of the
global carbon budget and climate change. In the following sections, we further
highlight the benefits of our MLR gL-based SIF parameterization in simulating SIF
with foliar trait-specific photosynthetic parameters (Sect. 4.1). Following that, we
compare our model parameterization regime and its impact with other studies (Sect.
4.2). Then, we also discuss the impact of parameter kj; in SIF simulations and several
caveats in this study, which warrant future research (Sect. 4.3, 4.4).
4.1. Advantages of mechanistic light reaction (MLR) model
We have validated that the SIF simulation can be substantially improved by utilizing
the MLR-SIF gL-based model and trait-specific photosynthetic parameters. Our
evaluation metrics consistently outperform NPQ-based SIF parameterization and PFT-
specific/default parameters, even before considering sub-grid heterogeneity. For
BART and STEI, our metrics show improved performance with MEF = 0.86-
0.90/0.91-0.95, |FB| < 31/17 %, RMSE = 0.10-0.13/0.07-0.10 mW m™2 uym~?! sr™1,
slope = 0.78-0.82/0.78-0.88, respectively (Fig. A3-Ab). Once we considered the
spatial heterogeneity of PFTs within the satellite grid, the simulation biases can be
further reduced to less than 0.18 mW m~2 ym~! sr~! (RMSE < 0.12

W m™2 um~* sr~1, Fig. A7-A8).
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The MLR-SIF model has two advantages: first, it can directly account for the
influence of incoming radiation (i.e., PAR), rather than exclusively calculating NPQ
with an empirical nonlinear function of the degree of light saturation; second, qL-
based SIF parameterization can generate better temporal dynamics during non-peak
and shoulder seasons, as well as capture the peak season magnitude with sub-grid
model parameters. On the other hand, the NPQ-based SIF parameterization only
shows strong agreement during the peak season and offers minimal improvement
when considering trait-specific photosynthetic parameters and spatial heterogeneity.
Several studies have also investigated the use of the MLR-SIF model to estimate GPP,
with SIF as a shortcut that could reduce the degree of model structure complexity and
parameter uncertainty, compared to the NPQ-based model. At the leaf level, Han et
al. (2022a) confirmed that the MLR-SIF model can accurately reproduce
photosynthesis for both Cs and Ca species under diverse environmental conditions,
with a regression slope of around 0.80 when compared with measurements. At the
canopy level, the MLR-SIF can also be applied by replacing q; and ¢ ps;imax With the
quantum yield of PSII and NPQ mechanistically. Liu et al. (2022) reported estimations
with a half-hourly RMSE of 5.62 umol m=2 s~* (R? = 0.85) and a daily RMSE of
3.25 umol m™2 s71 (R% > 0.90). While further tests need to be carried out across
diverse ecosystems, the simplicity of the MLR-SIF model offers a promising
opportunity to apply it at larger regional and global scales, either to infer GPP or SIF.
4.2. Comparison to existing model parameterization

In this study, we examined five foliar traits in the SCOPE, including Cab, Cca, Cdm,

Cw, and Vcecmax,s, without any parameter calibration to understand the roles of these
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parameters in GPP and SIF simulations. Although we set these parameters as time-
invariant in simulations, it has been found that seasonally varying parameters like
Vemax,s only had a slight impact on simulation improvement in SCOPE (Prikaziuk
et al., 2023). The Vemax,s the control simulations we used were PFT-specific
reported by Groenendijk et al. 2011, instead of the default SCOPE values as the other
four traits used. Other studies have already compared PFT-specific and default
SCOPE parameters. For instance, Prikaziuk et al. 2023 opted for Vcmax, 5 values of
10 to 40 (umol m~2s~1) for forest PFTs and 50 (umol m~2s~1) for croplands in GPP
simulations and found that the PFT-specific Vcmax, outperformed the default
SCOPE values (60 ymol m~2s~1) in GPP simulation.

Previous studies have also examined the impact of Cab, Cca, Cdm, and Cw on SIF
simulations in the SCOPE model. For example, Koffi et al. 2015 found that SIF only
increases with Cab when Cab is smaller than 20 ug cm™2 while it almost remains
constant as Cab further increases. VVerrelst et al. 2015 reported that Cab not only
accounts for SIF variability, but also has a profound effect on its spectra shape. Cdm
and Cw were reported to have a negligible impact on the visible and near-infrared
spectral features when spectra are less than 700 nm (Verrelst et al., 2015). These
findings indicate that SIF model parameter uncertainties can have different impacts on
SIF simulations, and well-constrained parameters can reduce the bias in SCOPE
simulations (Prikaziuk et al., 2023). A more nuanced investigation (such as the foliar
trait-specific values used in this study) on the model parameters is certainly needed to

better characterize the temporal dynamic of SIF.
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We found that foliar trait-specific photosynthetic parameters had a significant impact
on SIF simulations only for qL-based SIF parameterizations, up to 70 % in the diurnal
cycle (Fig. 10b). This finding contrasts with earlier studies, e.g., Koffi et al. 2015,
which found that SIF only slightly increases with an increase of Vcmax, s (especially
for Vemax,s > 125 umol m~2s1). However, it supports the theoretical arguments by
Han et al. 2022b, which reported linear relationships between g, XSIF and
photosynthetic capacity parameters (Vcmax,s, and maximum Ja (Jmax,z)). We argue
that the previously reported insensitivity of simulated SIF to Vemax,s (Koffi et al.,
2015) is likely a consequence of the NPQ-based SIF parameterization. This finding
indicates that the model structures can have a considerable impact on parameter
uncertainties (Bonan et al., 2011). The NPQ-based SIF parameterization can
significantly mute the sensitivities of parameters and sub-grid heterogeneity

treatments.
4.3. Impact of kp in SIF simulations

In our gL-based SIF parameterization, the estimation of Fe requires parameter k,p as
an input, which we set to 10 in our study. In the original SCOPE model, the kr was
assumed to be larger than 17.5, according to Eq. (8-9), and was assumed to be 19 by
Gu et al. (2019). However, its value has been set to around 9 in other studies (e.g.,
Pfundel, 1998; Atherton et al., 2016; Han et al., 2022a). Liu et al. (2022) developed a
leaf-level concurrent instrument to estimate the k- (see their Fig. 3). By measuring
upward and downward fluorescence emission and the maximum fluorescence quantum

yield (presented in photon flux density) of winter wheat, they obtained the maximum
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fluorescence quantum yield of PSII under dark-adapted conditions. Their results

showed a small range of k, variation, and its value should be smaller than 11.0.

To assess the impact of the choice of k, value on the performance of the baseline gL-

based SIF parameterization, we performed a sensitivity analysis of SIF to kp set as 5,

10, and 20 (Fig. 13). The MEF between simulations and observations are above 0,

except for the simulations in JERC that are incapable of reproducing the observed

peak-season and daytime SIF magnitude (Sect. 3.2). As k changed, the bias was up

to 92 %, RMSE varied from 0.07 to 0.33 mW m~2 um™! sr~1, and slope values

varied from 0.4 to 2.1 (all exclude the metrics in JERC when k,=5). These results

confirmed that k,r had a significant impact on the accuracy of SIF simulations, and

further investigation is needed to understand its uncertainty.

(a), _ (b) ()
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Fig. 13. Performance of baseline gL-para simulations of 16-day mean SIF against

satellite observations (TROPOMI ESA, TROPOMI Caltech, and OCO-2) as kpr

STEI

changed: (a) MEF; (b) FB; (c) RMSE; and (d) Slope values. The upper/lower bounds

of the bar represent corresponding maximum/minimum statistical metrics. The red

horizontal line represents the best agreement that can be achieved with observations

for each metric.
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4.4. Other caveats

This study aimed to assess the performance of SIF and GPP simulations in the SCOPE
model across three NEON forest sites, which present diverse climate and LC

conditions. However, there are some aspects that need to be further investigated.

First, SIF simulation during the peak season of 2020 in BART was underestimated
(Fig. 8a and 11a), due to high vapor pressure deficit (VPD) input (Fig. A9), which
can disrupt the balance between carboxylation and light harvesting, leading to a
decrease in SIF (Paul-Limoges et al., 2018). Moreover, anomalies in the
meteorological variables (Fig. A8 and A9) could also result in a high-magnitude
offset in JERC. Similarly, in the early summers of 2020 and 2021 in JERC (Fig. 10a
and 12a), positive anomalies may be explained by earlier warming caused by higher
temperatures and shortwave radiation (Fig. A10). These positive anomalies could
cause an overestimation of PAR and temperature-dependent parameters, such as
Vecmax, which can ultimately result in a broadband SIF flux overestimation of more
than 30 % (Verrelst et al., 2015). In addition, this double peak season pattern is also
shown in the LAI time series (Fig. 3c), indicating the potential uncertainties from
satellite LAl input. Therefore, SIF modeling under external forcing anomalies needs to

be further constrained, including meteorological variables and LAL.

Furthermore, the study utilized photosynthetic parameters sourced from NEON
measurements and the TRY database, and treated them as time-invariant. However,

this approach neglects their seasonal variability. Recent studies have emphasized the
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importance of incorporating the seasonality of VVcmax, chlorophyll content, and
carotenoid content into simulations of GPP and SIF fluxes (\Wang et al., 2019; Wu et
al., 2022; Magney et al., 2019). Additionally, we opted to use the median of NEON
trait measurements from all species instead of dominant species within certain plots
(i.e., around each flux tower or within corresponding LC types, as shown in Fig. A6),
which may introduce uncertainty at the ecosystem scale. For example, \Wang et

al. (2022) employed leaf spectroscopy across NEON domains and uncovered
substantial inter- and intra-species trait variations that depend on local environmental
factors (e.g., elevation, mean annual temperature and precipitation).

Lastly, by selecting PFT-specific coefficient sets for the qL-based SIF

parameterization (e.g., a4, and by, ), we did not consider differences within PFTs.

Moreover, these coefficients from Han et al. (2022a) appeared insufficient for
evergreen forests. Since no set of coefficients could represent evergreen trees in the
temperate climate class, we chose broadleaf deciduous trees (BDT) for the JERC-EF
simulation regime. Therefore, future research is needed to examine the degree to
which these gL-related parameters vary in PFTs or across species within the same

PFT, and how such variations may impact SIF simulations.
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5. CONCLUSIONS
In this study, we looked at how different model structures (gL-based vs NPQ-based
parameterization), parameter uncertainties (foliar trait-specific vs PFT-specific/default
parameters), and landscape heterogeneity (heterogeneous vs. homogeneous sub-grid)
can affect SIF modeling. We used three NEON forest sites as a testbed and conducted
simulations within the SCOPE radiative transfer framework. Our findings revealed
that gL-based SIF parameterization outperformed NPQ-based in capturing the
observed temporal dynamics from satellite SIF (TROPOMI and OCO-2), especially
during non-growing seasons. Additionally, using foliar trait-specific parameters
significantly improved the performance of both GPP and SIF (qL-based) simulations
at both daily and seasonal levels. More importantly, the choice of SIF model structure
can impact the parameter sensitivity; for example, as qL-based SIF parameterization is
more sensitive to variations in model parameters, e.g., the discrepancy between the
gL-para and gL-ctrl simulations are larger than 30 % in all the three sites, but are less
than 15 % between NPQ-para and NPQ-ctrl. Finally, we found that only when model
parameters were set to be foliar trait-specific and spatial heterogeneity was accounted
for, the gL-based SIF parameterization produced the closest agreement between
simulated and observed SIF across ecoregions and timescales, from diurnal, to
seasonal, and interannual scales. In summary, this study underscores the importance of
physiological-meaningful combinations of model structures, foliar trait-specific
parameters, and sub-grid spatial heterogeneity in the realism and accuracy of SIF

simulations. These insights are vital for advancing our knowledge in evaluating,

63



understanding, and predicting SIF and GPP, and ultimately the global carbon budget

and its response to climate change.
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APPENDIX
TEXT A1 SCOPE gross photosynthesis
SCOPE output An represents the net leaf assimilated carbon, with leaf day respiration

rate (Rd) determined as a fraction of Vcmax,s: Rd = Rdpgram - Vemax,s. To make
SCOPE output An represent gross photosynthesis (Ag), we set Rdggm 10 0

throughout all simulations to disable leaf respiration.
An =Ag — Rd (A1)

Rd = Rdpgram - Vemax,s (42)
TEXT A2 Performance evaluation
We conducted an evaluation of the accuracy of simulated GPP and SIF data by
comparing them temporally with tower and satellite observations, respectively. The
comparison of GPP was conducted on a daily basis, whereas to match the OCO-2 16-
day SIF products, all SIF simulations were aggregated to a 16-day scale.
To assess the model performance, we employed a suite of metrics, including Nash-
Sutcliffe modeling efficiency (MEF; Nash & Sutcliffe, 1970), root-mean-square error
(RMSE), fractional bias (FB), and slope of the linear regression trend. The MEF
metric ranges from -Inf to 1 and evaluates the performance of the model in
comparison to predicting observation mean. The RMSE metric measures the average
magnitude of the prediction residuals. The FB metric measures the relative difference
between observation mean and prediction mean. Slope measures how well the
simulations are correlated with the observations. The closer the values of MEF and
slope are to 1 and the closer the values of RMSE and Bias are to 0, the greater the

consistency between the model simulations and the observations.
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Table Al Percentage of each land cover (LC) class within a 0.05° x 0.05° grid of each
site. 30 m LC data from the 2019 National Land Cover Database (NLCD), regridded
to 300 m based on the dominant LC type in each grid. The LC used in LC-specific
simulation (Spatial heterogeneity effect for BART and JERC, see Sect.3.3) are shown
in bold. For the site BART, the mixed forest (45 %) LC was further equally allocated

to deciduous forest and evergreen forest.

Site Deciduous Evergreen  Mixed Cultivated Wetlands  Urban (%) Others

forest (%)  forest (%)  forest crops (%) (%) (%)
(%)

30 m:

BART 27 20 38 1 3 8 3

STEI 33 4 21 4 22 4 12

JERC 2 44 4 34 4 4 8

300 m:

BART 34 13 45 - 3 4 1

STEI 41 3 18 3 24 1 10

JERC - 56 1 38 1 - 1

Table A2 The parameter regimes used in the gL-based SIF parameterization (see
Table A3 reported in Han et al., 2022a for exact values), following the Képpen

climate classes (Peel et al., 2007). For brevity, BDT refers to Broadleaf deciduous
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tree; NET refers to Needleleaf evergreen tree; C3 Crop refers to crop species with C3

metabolism.
Simulation regime Koppen climate class ~ Parameter regime
STEI (baseline) Boreal BDT Boreal
BART: Boreal
Baseline BDT Boreal
BART-deciduous BDT Boreal
BART-evergreen NET Boreal
JERC: Temperate
Baseline BDT Temperate
JERC-evergreen BDT Temperate
JERC-crop C3 Crop

Data coverage of NEE measurements (% month~1)

100
JERC 86 %

STEI 99 %| 50

BART 77 %

2018 2019 2020 2021

Fig. Al. Data coverage of net ecosystem exchange (NEE) by site and by month during

2018-2021. Average data coverages for all the study period are inset.
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Fig. A2. The growing season mean LAI of our study domains. The flux towers are
marked with black stars. LAI data comes from two final estimates (RT5 and RT6,
consolidated 50 and 60 days of the Real Time (RTO) products) of CGLS 300 m V1,
(Fuster et al., 2021). The growing season was defined as the green days (from
averaged green increase day to the averaged green minimum day in a year) from

NEON metadata.
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Fig. A3. Comparison of (a) NPQ-ctrl, (b) gL-ctrl, (c) NPQ-para, and (d) qL-para
simulations of 16-day mean SIF against satellite observations (TROPOMI ESA,
TROPOMI Caltech, and OCO-2) in BART during 2018-2021. The black dashed line

represents a 1:1 relationship, and the blue, red, and green lines represent the regression



relationship of simulations with TROPOMI ESA, TROPOMI Caltech, and OCO-2

observations, respectively. The values of MEF, FB, RMSE (W m~2 um~! sr™1), and

the slope values are inset.
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Fig. A4. Same as Fig. A3, but for STELI.
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Fig. A5. Same as Fig. A3, but for JERC.
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-- SCOPE default W88 Deciduous Forest  EEEE Evergreen Forest
m Tower Mixed Forest Cultivated Crops

Fig. A6. Comparison of median photosynthetic parameters from NEON and SCOPE
default (black dashed line). The error bar represents the standard deviations of all
sample values. The “tower” represents the location of sampling that are placed in the
90 % flux area of the primary and secondary airsheds of each NEON tower

(https://www.neonscience.orqg/sites/default/files/All NEON TOS Plots V9 0.zip).
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Fig. A7. Same as Fig. A3, but for using the LC-specific LAI and foliar trait values in

weighted average simulations (weighting values see Table Al).
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Fig. A9. Monthly time series of GPP and SIF from model simulations and model input
meteorological variables in BART from 2018 to 2021: (a) temperature (Ta); (b)
shortwave radiation (Rin); (c) longwave radiation (Rli); and (d) vapor pressure deficit

(VPD). The shaded regions represent the upper and lower bounds of all simulations.
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Fig. A10. Same as Fig. A9, but for JERC
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