. HOKKAIDO UNIVERSITY

Data assimilation of solar-induced chlorophyll fluorescence improves gross primary production

Title estimation by a process-based VISIT-SIF model in a rice paddy
Author (s) B, RE
Degree Grantor biEEKE
Degree Name B (RERF)

Dissertation Number FAE166795

Issue Date 2025-09-25
DOI https://doi.org/10.14943/doctoral. k16679
Doc URL https://hdl. handle.net/2115/98289
Type doctoral thesis
File Information FAN Liangxian.pdf, £3¢

kaid
e U"/Le

Hokkaido University Collection of Scholarly and Academic Papers : HUSCAP




Data assimilation of solar-induced chlorophyll fluorescence
improves gross primary production estimation by a process-
based VISIT-SIF model in a rice paddy
AKBIZRBITS vk A_X—XE5 )L VISIT-SIF % 7z
KBEFR 7 v v 7 4 VEORORRHT —F RMLIC L %
W—IKAERE (GPP) HEEREEM L

tHEERY KFEREBREEIRFEE
ERRRRPER FLRHRE
Hokkaido University Graduate School of Global Food Resources

Division of Global Food Resources Doctoral Course

Fan Liangxian



Contents

ADSEEACE.ccceueeirereeirinaeseestenneseesnesnessnsssessnessesssessssssssssessasssesssessssssssssessassssssasssssssassaess 1
I. General INtroduction......eceeeeenieiecnensnensensensnessnesenssesssssssssesssessssssesssssssessessacss 8
I-1 TNrOAUCTION. ...ttt sttt e nes 9
[-2 BACKGIOUNAS ..ottt 9
[-2-1 Importance of Gross Primary Production (GPP) Simulation..........c...c.......... 9
[-2-2 Limitations of Vegetation Indices for GPP Estimation...........c.ccccccevueneenen. 10
[-2-3 Solar-Induced Chlorophyll Fluorescence (SIF) as a Proxy for GPP ........... 10
[-2-4 Challenges in Integrating SIF with Process-Based Models...........c...c..c...... 11

I1. Materials and Methods........ceieenennneniennensnenensninsnessecssesssesnessessssssssssessaesssesaes 13
II-1 Site and Data........c.ooiiriiiiiiiieiee e e 14
IT-1-1 StUAY ST c.uvveeiiieiieeieeie ettt ettt et e e et e eeea e 14
II-1-2 Measurements of eddy flux, meteorological data and SIF data.................. 14
II-1-3 SKY CONAILIONS ....veiiiiiiiiiiieiteeeeiese ettt 17
TI-2 IMIOEL ..ttt sttt 19
I1-3 Sensitivity test (SHAP analysis)........ccceeeuierieriieriienieeieeeie et 25
[1-4 Bayesian OptimiZation .........c..cevereerierienieneenieneenieeie sttt 27

I1-5 Metrics for evaluating models...........ccceeriiriiiiiienieieeeeeee e 30



II-5-1 Relative Root Mean Square Error (tRMSE)........cccooiiiiiniiiiiiiiiie 30

I1-5-2 Percent Bias (PBIAS) ....cccuoiiiiiiieeceee et 31
I1-5-3 Coefficient of Variation (CV) .......ccoovvieeoiiiiiiiieeieeecee e 31

ITL. RESUILS ccuneenreneereirenennennnsnennesnesnnssnesnsssesssessnsssessnsssssssessaessasssessasssssssessassssssnes 33
III-1 Sensitivity analysis of parameters to SIF and GPP outputs ..........ccccoceevueneene. 34

II1-2 Improvement of SIF and GPP simulation by optimization at the half-hourly

ANA dAILY SCALES....cuviiiiieiieie e 39
[I1-2-1 Improvement of SIF and GPP simulations at half-hourly scale................ 39
I11-2-2 SIF and GPP under sunny and cloudy conditions ............ccccceevveeniiennnnnne. 45
[11-2-3 Diurnal cycle of SIF and GPP .........cccoooiiiiiiiiiiiiiceccceee 47
[11-2-4 Improvement of SIF and GPP simulations at daily scale............c.ccccc..e. 54

I11-3 Data assimilation of the sparsely satellite SIF dataset ...........c.cccoceevirienennene. 59

I11-4 The relationships between SIF and GPP across different time scales.............. 64

II1-5 The relationship between SIF and GPP and possible impacts of environmental

FACHOTS ..ttt et b et ettt et a e 68
IV, DISCUSSION...cuciueereirestensneninineesneseesnessaessnsssesssessnsssessnsssssssessasssasssessasssssssessassssssas 72
IV-1 Key parameters of SIF and GPP simulation............cccccecevirviniininniniencnene 73
I'V-2 Impact of data assimilation on model performance ...........ccccceceeveeviinienennnne. 75

I'V-3 Temporal scale of SIF-GPP relationships.........cccccoeevierienirienieneenicnieneene 78



IV-4 Limitations and future perspectives ..........cccueeureruierieenieenieeniienieesiee e esieesenes 79

V. Conclusions

VI. References

VIL. ACKNOWICAZIMENTS ...ccoeurierruricssnnicssnnissssnessssnesssnesssssesssssossssnosssssossssssssssssssesses 112



Abstract



Understanding gross primary production (GPP) is crucial for the global carbon
cycle, and many studies have shown that solar-induced chlorophyll fluorescence (SIF)
is a reliable proxy for GPP. This study integrates SIF data into the process-based
Vegetation Integrative Simulator for Trace gases (VISIT-SIF) model to enhance GPP
simulations in a rice paddy field in Tsukuba, Japan. Using data assimilation techniques
(Bayesian Optimization) with ground-based SIF data and satellite-derived SIF (CSIF)
from June 2019 to September 2020, I optimized key model parameters to improve GPP
simulation accuracy. Sensitivity analysis via SHapley Additive exPlanations (SHAP)
revealed that absorbed photosynthetically active radiation (APAR)-related parameters
are most critical for SIF simulations, while nitrogen-related parameters associated with

the maximum rate of carboxylation (Vcmax) strongly influence GPP.

The optimization significantly improved the VISIT-SIF model’s performance
across multiple timescales. At the half-hourly scale, SIF R? increased from 0.37 to 0.60,
while GPP R? improved from 0.47 to 0.68, with substantial reductions in relative errors.
Similar improvements were observed at daily and weekly scales, demonstrating the
model’s enhanced ability to capture diurnal and seasonal variations. Comparisons
between sunny and cloudy conditions highlighted the model's stronger performance
under direct sunlight, with reduced accuracy under diffuse light. Notably, the optimized
model showed improved correlations between SIF and GPP at all temporal scales,

achieving R? values as high as 0.99 at the weekly scale. However, Stage II of the



growing season presented challenges, with relatively weaker SIF-GPP relationships

even after optimization.

I further investigated the relationship between SIF and GPP and the impacts of
environmental factors. Results showed that the SIF-GPP correlation strengthened with
increasing temporal aggregation, from half-hourly to weekly scales, reflecting the
integration of short-term variations over longer periods. Environmental conditions,
particularly light variability, played a significant role in shaping this relationship. The
model performed better under stable, direct sunlight, while cloud cover introduced
complexities that reduced simulation accuracy. These findings underscore the
importance of considering environmental factors, such as light quality and cloud effects,

in improving SIF-GPP modeling.

Overall, this study demonstrates the value of using SIF as a proxy for GPP and
highlights the effectiveness of integrating ground-based and satellite SIF data into
process-based models. While data assimilation significantly improved model
performance, challenges such as SIF overestimation and limitations under cloudy
conditions remain. These findings contribute to advancing the understanding of SIF-
GPP dynamics and emphasize the potential of SIF for enhancing GPP estimations

across varying environmental conditions.

Results and conclusions of this study are summarized as follows:



Chapter 1: Sensitivity Analysis of Parameters to SIF and GPP Outputs

The sensitivity analysis using SHAP identified distinct influences of model
parameters on SIF and GPP simulations. For SIF, parameters related to absorbed
photosynthetically active radiation (APAR), such as f, pca and ks, were found to have
the largest contributions. These parameters govern radiative transfer processes, with
lower values of fpositively impacting SIF simulation accuracy. Conversely, parameters

like H showed minimal effects, reflecting their lower importance in SIF dynamics.

For GPP, nitrogen-related parameters such as No, X, and Np, linked to the maximum
rate of carboxylation (Vcmax), were identified as the most critical. Higher canopy-top
leaf nitrogen content (N,) significantly improved GPP outputs, emphasizing the
importance of physiological and biochemical processes in photosynthesis. The SHAP
analysis ultimately identified 14 key parameters, contributing over 95% to the model

outputs, which were selected for further optimization.

Chapter 2: Improvement of SIF and GPP Simulations

At half-hourly Scale, model optimization significantly enhanced the accuracy of
SIF and GPP simulations. At the half-hourly scale, R? for SIF increased from 0.37 to
0.60, with rRMSE decreasing from 124.21% to 63.39%. GPP simulations showed a

similar improvement, with R? increasing from 0.47 to 0.68 and rRMSE decreasing from



150.00% to 47.85%. These improvements were particularly pronounced in Stage III of

the growing season.

At the daily scale, R? for SIF improved to 0.69, with a notable reduction in rRMSE
from 66.83% to 50.12%. GPP simulations exhibited similar enhancements, with R?
values for 2018 reaching 0.87 and a substantial reduction in relative errors. These
findings demonstrate the optimized model’s ability to better represent both diurnal and

seasonal dynamics across multiple timescales.

The model performed better under sunny conditions compared to cloudy
conditions. For SIF, R? under sunny conditions reached 0.76, while cloudy conditions
had a lower R? of 0.53. For GPP, R? improved from 0.55 under cloudy conditions to
0.79 under sunny conditions. Error metrics, including rRMSE and PBIAS, also showed
significant reductions under sunny conditions. These results suggest the model is better
suited for simulating conditions with stable direct sunlight, while its performance under

diffuse light remains a challenge.

Both SIF and GPP displayed characteristic hump-shaped diurnal patterns. After
optimization, the model achieved R? values exceeding 0.98 for both SIF and GPP across
the growing season and individual stages. Despite these improvements, the model
underestimated variability (CV) in the observed data, particularly during Stages I and

II, indicating areas for further refinement in representing finer-scale dynamics.



Chapter 3: Data Assimilation with Sparse Satellite SIF

Data assimilation using satellite-derived SIF (CSIF) improved the model’s
performance, albeit less effectively than ground-based data. For GPP, the CSIF-
optimized model achieved an R? of 0.65 and a near-neutral PBIAS (-2.72%), indicating
effective bias reduction. However, for SIF, the R? was 0.51, with notable overestimation
reflected in a PBIAS of 30.87%. While CSIF data can be a valuable substitute for
ground-based observations in regions without site-based measurements, its coarser

resolution and inherent uncertainties limit its effectiveness.

Chapter 4: Relationships Between SIF and GPP Across Scales

The relationship between SIF and GPP strengthened with increasing temporal
aggregation. At the half-hourly scale, the optimized model achieved R? values up to
0.88, while at daily and weekly scales, R? reached 0.92 and 0.99, respectively. These
improvements highlight the effectiveness of data assimilation in enhancing model
performance across time scales. However, the model still struggled with Stage II
dynamics, where the SIF-GPP relationship remained weaker compared to other stages,

indicating the need for further optimization.

Chapter 5: Environmental Factors and SIF-GPP Dynamics

Environmental conditions significantly influenced the SIF-GPP relationship. The

model performed better under sunny conditions, with higher R? values and lower errors,



compared to cloudy conditions, where light variability posed challenges. The results
underscore the importance of direct sunlight in facilitating accurate simulations.
Furthermore, the model faced difficulties in capturing seasonal SIF-GPP dynamics and
large SIF values under complex conditions. These findings suggest potential directions
for improving model performance, including better representation of diffuse light and

environmental interactions.

Keywords: Gross primary production; Solar-induced chlorophyll fluorescence;

Data assimilation; SHapley Additive exPlanations; SIF-GPP relationship.



I. General Introduction



I-1 Introduction

This study addresses these challenges by enhancing the VISIT model through the
integration of a radiative transfer module to simulate SIF and incorporating SHapley
Additive exPlanations (SHAP) for parameter sensitivity analysis. Using both ground-
based SIF and satellite-derived CSIF data, I performed Bayesian optimization to refine
14 key model parameters. Our study aimed to improve GPP simulation accuracy at half-
hourly, daily, and seasonal scales in a rice paddy field in Japan. Additionally, I explored
the relationship between SIF and GPP across different temporal scales and
environmental conditions, providing insights into how factors such as light variability
influence SIF-GPP dynamics. These findings contribute to advancing process-based
model accuracy and understanding the potential of SIF for GPP estimation under

diverse environmental scenarios.

I-2 Backgrounds

I-2-1 Importance of Gross Primary Production (GPP) Simulation

Gross primary production (GPP), the total amount of carbon fixed by vegetation
through photosynthesis, is a fundamental component of the global carbon cycle.
Understanding GPP is essential for quantifying carbon fluxes between ecosystems and
the atmosphere, which is critical for addressing climate change and managing
ecosystems sustainably (Aubinet et al., 1999; Baldocchi, 2003; Chen et al., 2009;

Damm et al., 2010; Z. Li et al., 2020). At small spatial scales, GPP is often estimated
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using eddy covariance flux measurements combined with ecosystem respiration models.
However, scaling these estimates to regional or global levels presents significant

challenges, necessitating proxies derived from remote sensing techniques.

I-2-2 Limitations of Vegetation Indices for GPP Estimation

Traditional remote sensing approaches, such as the normalized difference
vegetation index (NDVI) and the enhanced vegetation index (EVI), have been widely
used to estimate GPP (Huete et al., 2006; Running et al., 2004). These indices primarily
reflect vegetation greenness and canopy structure, which are indirectly linked to
photosynthetic activity. However, they are less sensitive to short-term physiological
changes in photosynthesis (Sun et al., 2018), leading to significant uncertainties in GPP
estimation, especially under conditions where vegetation structure remains stable
despite dynamic changes in photosynthetic activity (Guanter et al., 2014a; Garbulsky
et al., 2014). As a result, these indices often fail to capture rapid or subtle variations in

plant physiological responses to environmental changes.

I-2-3 Solar-Induced Chlorophyll Fluorescence (SIF) as a Proxy for GPP

Solar-induced chlorophyll fluorescence (SIF) has emerged as a robust proxy for
GPP, offering advantages over traditional vegetation indices. SIF is emitted as a
byproduct of absorbed photosynthetically active radiation (PAR) during photosynthesis,
making it a direct indicator of photosynthetic activity (Frankenberg and Berry, 2018;

Meroni et al., 2009). Unlike reflectance-based indices, SIF captures real-time variations

10



in physiological processes, providing a more accurate measure of plant photosynthesis
(Wood et al., 2017; Zhang et al., 2018; Liu et al., 2021). Studies have shown strong
correlations between SIF and GPP across temporal and spatial scales, highlighting its
potential for improving GPP estimation (Li et al., 2018; Buareal et al., 2023; Morozumi
et al., 2023). Recent advancements in remote sensing have enabled SIF retrieval from
both satellite and ground-based platforms. Satellites such as GOSAT, OCO-2, and
TROPOMI provide global SIF measurements with increasingly fine spatial and
temporal resolution (Guanter et al., 2021; Kohler et al., 2018). However, satellite data
are often limited by atmospheric interference, coarse resolution, and infrequent
temporal coverage, particularly in heterogeneous landscapes (Bacour et al., 2019; R. Li
et al., 2022). Ground-based SIF observations, on the other hand, offer higher accuracy
and temporal resolution, capturing half-hourly dynamics that are invaluable for detailed
studies (Cogliati et al., 2015; Droletet al., 2014; Z. Li et al., 2020). Despite their smaller
spatial coverage, ground-based data provide essential validation for satellite-derived

products and insights into localized SIF-GPP dynamics.

I-2-4 Challenges in Integrating SIF with Process-Based Models

Process-based models like the Vegetation Integrative Simulator for Trace gases
(VISIT) simulate carbon fluxes by integrating ecological, physiological, and
biogeochemical processes (Ito and Oikawa, 2002; Ito et al., 2017). Although these

models have been validated against eddy covariance data, incorporating SIF into the
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modeling framework poses significant challenges. Radiative transfer processes, the
distribution of absorbed PAR, and chlorophyll fluorescence dynamics require precise
representation, which is often lacking in existing models (Koffi et al., 2015; Bacour et
al., 2019). Recent studies have demonstrated the utility of integrating SIF into terrestrial
biosphere models to improve GPP simulations (Lee et al., 2015; Norton et al., 2019;
Thum et al., 2017), yet limitations in parameter sensitivity analysis and optimization

hinder further progress.
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I1. Materials and Methods
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II-1 Site and Data

II-1-1 Study site

Our study was conducted in a rice paddy field of approximately 200 ha named the
AsiaFlux Mase site at 36.05°N, 140.03°E (site code “MSE” in the AsiaFlux network;

http://asiaflux.net/index.php?page_id=83) in Tsukuba, Ibaraki, Japan. Eddy covariance,

a high-resolution spectrometer and micrometeorological instruments were installed
approximately 3 m above the ground. It has a maritime subtropical monsoon climate,
with an annual mean air temperature of 13.5 °C and an annual mean precipitation of
1235 mm (Ono et al., 2015). Rice seedlings were transplanted around day of year (DOY)
121, and grain was harvested around DOY 255. Following the classification method of
Ono (Ono et al., 2013), the rice growing season was divided into three stages: Stage I
is the vegetative stage (DOY 120-180), Stage II is the reproductive stage (DOY 181-

210), and Stage 111 is the ripening stage (DOY 211-harvest).

I1-1-2 Measurements of eddy flux, meteorological data and SIF data

The data used in this study included model input data, data for data assimilation,
and data for model validation. The VISIT input data included downward solar radiation,
downward longwave radiation, air temperature, relative humidity, barometric pressure,
wind speed and precipitation from 2018 t02020. The ground-based SIF data and

satellite SIF data (both from June 29, 2019 to September 10, 2020) were used for
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data assimilation. The ground-based SIF data (from June 29", 2019 to September 10",

2020) and GPP data (from 2018 to 2020) were used to verify the accuracy of the model.

Eddy flux instruments were installed at our study site. The measurement of
turbulent fluxes of CO; and water vapor, the wind speed and air temperature are by an
eddy covariance system consisting of an open-path infrared gas analyzer (LI-7500; LI-
COR, Lincoln, Nebraska, USA), a closed-path infrared gas analyzer (LI-7000; LI-
COR), and a sonic anemometer-thermometer (DA600-3TV; Kaijo, Tokyo, Japan). Data
were collected at a frequency of 10 Hz with a data logger (CR3000; Campbell Scientific,
Logan, Utah, USA) (Ono et al., 2008). The net ecosystem CO- exchange, derived from
the CO; flux measured over the rice field by the EC system, was mathematically
partitioned into GPP and ecosystem respiration (Ono et al., 2008; Ono & Maruyama,
2015). Finally, half-hourly non-gap-filled GPP data were used for further analysis. The
barometric pressure measured by the barometer, and the downward shortwave and
downward longwave radiation reaching the ground are measured by a net radiometer.
Our precipitation data were from the Nagamine Tsukuba Areological Observatory in
the Automated Meteorological Data  Acquisition  System (AMeDAS;

https://www.jma.go.jp/jma/indexe.html), located at 36.06°N, 140.13°E. The

precipitation data were sampled every hour, and I resampled the precipitation data to a
half-hourly resolution, averaging the one-hourly data into two subsets. For example, if

the precipitation during the hour from 10:00 to 11:00 is 10 mm, I attribute a value of 5
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mm to the two half-hourly precipitation amounts from 10:00-10:30 and 10:30-11:00.

For ground-based SIF data, I installed a high-resolution spectrometer (QEpro;
Ocean Insight, Orlando, Florida, United States of America [USA]) with spectral
coverage between 649 and 807 nm (sampling interval of 0.15 nm/pixel) and a full width
at half maximum of 0.30 nm besides eddy flux tower. The QEpro spectrometer was
connected via a fiber switch (FSM1 x 8, Piezosystem Jena GmbH, Jena, Germany;
MOL-1 x 8-600-H, Leoni Fiber Optics GmbH, FoTitztal, Germany) to three optical
fiber channels. The near-infrared SIF was retrieved from paired measurements of
downward solar irradiance and upward reflected radiance by the spectral fitting method.

Refer to Buareal et al. (2023) for SIF calculation details.

For satellite SIF data, the global spatially contiguous solar-induced fluorescence
(CSIF) dataset is a gap-filled dataset generated from MODIS surface reflectance and
the OCO-2 SIF dataset (Zhang et al., 2018). The CSIF data are at 757 nm and have a 4-
day temporal resolution and spatial resolution of 0.05° % 0.05°. In this study, the latest
version (Version 2) of the CSIF under all-sky conditions from June 29" 2019 to
September 10, 2020 (corresponding to ground-based SIF data) was used. The satellite
SIF that I utilized was the value of the pixel where our study site was located, which
was largely covered by the representative rice paddy. The CSIF not only shows high
accuracy when validated against the satellite-retrieved OCO-2 SIF but also exhibits

reasonably high consistency with both the reconstructed and satellite-retrieved GOME-

16



2 SIF (Zhang et al., 2018).

I1-1-3 Sky conditions

Figure 1. An example of (a) a cloudy condition, (b) not a cloudy condition (¢) a sunny
condition, (d) not a sunny condition. The criteria for cloudy conditions: 1. the sky
observed by the weather camera must be completely covered by clouds; 2. the clouds
are thick and have no obvious translucency; and 3. all six photos within half an hour
need to satisfy the above requirements. The criterion for sunny conditions: 1. The sky
observed by the weather camera has a maximum of about 30% cloud cover; 2. the sun
cannot be blocked by clouds when the sun is within the observation range; 3. all six

photos within half an hour need to fulfill the above requirements.
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Automatic  digital fisheye cameras (ADFCs) and  hemispherical
spectroradiometers (HSSRs) from the Phenological Eyes Network (PEN;
http://pen.envr.tsukuba.ac.jp/DataPolicy.html; Nagai et al., 2018; Nasahara and Nagai,
2015) were used to detect the radiance and variability of the weather Conditions during
the rice growing season. All datasets were acquired at half-hourly resolution. The
camera monitored the sky every 5 minutes from 6:15 am to 7:55 pm. Unfortunately, the
camera was not working throughout 2019 and between the 200th and 300th day of 2020
due to a malfunction. Therefore, no weather information was recorded during these
periods. As for how sunny and cloudy conditions are determined, I used Okta scale
method which commonly used in meteorology. The sky captured in the photo is divided
into ten equal parts, and the number of parts covered by clouds is estimated. For
example, if three out of ten parts are covered, the cloud cover is considered to be 30%.
To minimize misinterpretations between sunny and cloudy weather, we set strict criteria
for determining sunny and cloudy weather. Figure 1 (a) shows an example of a cloudy
condition. The criterion for a sunny condition is as follows: 1. The sky observed by the
weather camera has a maximum of 30% cloud cover; 2. the sun cannot be blocked by
clouds when the sun is within the observation range; and 3. all six photos within half
an hour need to fulfill the above requirements. Figure 1 (c) shows an example of sunny
conditions. Initially, I intended to set stricter criteria for clear days, requiring no cloud
cover in the field of view of the weather camera. However, practical checks revealed

this condition to be rare, resulting in insufficient sunny condition samples.
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Consequently, I adjusted the criteria to the current standards. The criterion for sunny
conditions: 1. The sky observed by the weather camera has a maximum of about 30%
cloud cover; 2. the sun cannot be blocked by clouds when the sun is within the
observation range; 3. all six photos within half an hour need to fulfill the above
requirements. The method used in this research is a basic method of calculating cloud
cover in meteorology. The photo of the sky is divided into ten equal parts, and then the
number of parts of the sky covered by clouds is estimated. If about three parts are

covered, the cloud cover is 30%.

I1-2 Model

VISIT is a process-based model based on the dry-matter production theory for
simulating trace gas fluxes between the atmosphere and an ecosystem Ito and Oikawa
(2002), applies Farquhar’s sun/shade model (De Pury & Farquhar, 1997; Farquhar et
al., 1980) to simulate photosynthetic processes. More details and the performance of
VISIT can be found in previous studies (Ito, 2019; [to et al., 2017; Ito & Inatomi, 2012;
[to & Oikawa, 2002). To associate the photosynthesis process of VISIT with SIF, I
coupled the SCOPE geometric module with VISIT. This new version of VISIT was
named VISIT-SIF(refer to Miyauchi et al. (2024) for details). I simulated SIF in the 760
nm range, as this wavelength exhibits a strong SIF signal. Additionally, this range aligns
with ground-observed SIF data, which were collected at the same wavelength band

(Buareal et al., 2023).
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In the VISIT-SIF (Miyauchi et al., 2024), SIF is calculated as follows:

SIF760 == F r (1)

where F (mW m™ sr'! nm™) is the TOC (top of canopy) chlorophyll fluorescence
in the observation direction calculated by VISIT. r is the fraction of SIF at 760 nm to
total emitted SIF. r is calculated by using an approximation obtained from the
relationships between the chlorophyll a+b content (Ca) and 7 via SCOPE
presimulation. I used a regression formula, v = 1.2 - 1073 In (Cgp) + 4.7 - 1073, to
estimate r for entire biomes regardless of changes in the LAI, with biome-specific

values of C,; according to Norton et al.(2019).

F is the chlorophyll fluorescence emitted from the sunlit and shaded leaves.

Therefore, F can be calculated as follows:

F = Fun + Fshade (2)
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Fshade = Fsun rshade/sun (3)

where Fsun and Fishade are the chlorophyll fluorescence from sunlit and shaded
leaves calculated by VISIT, respectively. #shade/sun (S€€ €quation (14)) is the ratio of Fsnade

to Fsun calculated by SCOPE. Fiun is calculated as follows:

APARsyn PFrsunToz/sz fu (4)

F,
sun T

where APARg,,is the absorbed photosynthetically active radiation, and @g g,,,1s
the quantum yield of chlorophyll fluorescence in sunlit leaves. 7,,/,5, (see equation
(13)) is a correction factor used to convert the sunlit leaves chlorophyll fluorescence to
remote-sensed chlorophyll fluorescence in an arbitrary observation direction. f, is the
fraction of upward-emitted SIF to total energy emitted as SIF in the canopy, which is
estimated as the mean of the upward fraction SIF in each canopy layer calculated by

SCOPE for applying VISIT’s single layer canopy. @ g,,1s calculated as follows:

q)F,sun = ¢Fm’,sun (1 - d)P,sun) (5)

21



where @ppr o and Pp o), are the quantum yield of fluorescence at light-
acclimated leaves exposed to saturated irradiance and by actual photochemistry,

respectively. @p,.r ¢, 1s defined as follows:

kg
Fm/sun = J 00T
F D N,sun

@ (6)

where kr and kp (0.05 and 0.95, respectively; van der Tol et al., 2014) represent
relative rate constants for chlorophyll fluorescence (F), NPQ when dark-acclimate (D),
and NPQ (N). Ansun is calculated by an empirical equation (Flexas et al., 2002) as

follows:

Ky sun = (6.2473x —0.5944) x  (7)

_ _ @P,sun
x=1--2 (8)
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where x is the degree of light saturation (Flexas et al., 2002) and @p is the
quantum yield for photochemistry for leaves under dark-acclimated conditions.

®pg and Pp gy, are defined as follows:

— kp
krp+kp+kp

Ppo €

]a,sun
(pP,sun = (DPO ] (10)

e,sun

In Equation (9), kp (=4.0) is the rate coefficient of irradiance emanated during
photochemistry to irradiance total (van der Tol et al., 2014). In Equation (10), J; sun
(mmol m™s™") and Jesun (wmol m™ s™') are the actual and potential electron transport

rates, respectively. J, sun 1S calculated by VISIT based on van der Tol et al. (2014) :

4Agyn(Ci+2r™)
=————(11
]a,sun c;-r* ( )

where C; (Pa) is the intercellular CO» partial pressure, and 7™* (Pa) is the CO»
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compensation point. Asn (umol m2 s) is the CO; assimilation in sunlit leaves, which
is calculated by applying the Farquhar model while considering environmental

conditions. J, g 1s calculated as follow:

]e,sun = Isun ¢P0 (12)

where Iun (umol m? s1) is the absorbed photosynthetic photon flux density in

sunlit leaves.

The geometric coefficients 7,,/s, and Tshade/sun vary with changing solar
zenith angle (SZ), observation zenith angle (OZ), relative azimuth angle of solar and
observation direction (AZ), and LAI. The VISIT-SIF applied a simplified method which
uses the look-up table to compute the geometric coefficients for arbitrary observation
direction (nadir in this study). The look-up tables of 7,,/s, and Tshade/sun Were
generated by simulations with varying angular parameters (SZ, OZ, and AZ), LAI, and

solar radiation (SRAD; W m) using the SCOPE model, as follows:

- FscopE sun(LALSZ,0Z,AZ,SRAD)
02/SZ " FcopE sunsz=oz(LALSZ,0Z',AZ" SRAD)

(13)
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r _ FSCOPE’Shade(LAI,SZ,OZ,AZ,SRAD)
shade/sun = " oo (LALSZ,0Z,AZ,SRAD)

(14)

where Fscopesun » Fscopesunsz=oz » and FscopE,shade are the chlorophyll
fluorescence from sunlit leaves in the situation when the observation direction and the
incident direction of the sun are located along one axis (OZ’ = SZ, AZ’ = 0) and from
shaded leaves. In the simulation of SIF variability in the target site, the LAl and SRAD
given by VISIT and the angular parameters obtained from the SIF observation camera
are used for 7,,/5, and Tshade/sun 1N Egs. (3) and (4), and in our study area, the

observation camera was positioned perpendicular to the rice field.

I1-3 Sensitivity test (SHAP analysis)

In this study, I applied the SHapley Additive exPlanation (SHAP) method for
sensitivity analysis. SHAP is based on the concept of Shapley values from game theory,
which assigns a contribution to each feature for a model’s output (Lundberg & Lee,
2017). Unlike traditional feature importance methods, SHAP not only quantifies the
importance of each feature but also shows its positive or negative effect on different
data points. Lundberg et al. (2020) extended the SHAP method with the TreeExplainer

model, which enables direct measurement of interaction effects between features,
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allowing for a more comprehensive local explanation. The SHAP values are computed
by calculating the marginal contribution of a specific feature to the model's output. In
the game-theoretic framework, each feature is treated as a “contributor” and its
contribution is summed across all possible feature combinations. Specifically, SHAP

decomposes a model’s prediction using the following equation:

f)=g(x") =0, + Xl 8 x| (15)

where f and g are the original model and explanation model, respectively, and
g should match the output of the original model for a simplified input x" of x.
@, represents the model’s baseline prediction which is the mean value of the prediction
values (Carlsson et al., 2020), @; is the SHAP value of feature i, and x; denotes the

simplified input feature.

This study employed the SHAP method to detect the model parameters effect on
SIF and GPP simulation. Here, I randomly selected 6000 parameter sets as SHAP input

samples.
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I1-4 Bayesian Optimization

In this study, I employed Bayesian Optimization (BO) to optimize 14 key
parameters in the VISIT-SIF model using half-hourly SIF observations and CSIF
dataset. BO is a probabilistic model-based strategy that is particularly suitable for
optimizing expensive black-box functions where evaluations are costly, and the
objective function is noisy or unknown. This makes it especially appropriate for our
complex VISIT-SIF model, where each function evaluation is computationally

intensive.

Bayesian Optimization constructs a surrogate model of the objective function,
typically using a Gaussian Process (GP). A GP provides probabilistic predictions of the
function's behavior by modeling the relationship between previously evaluated points
and their corresponding objective values. The key advantage of this approach is that it
not only predicts the mean function value but also provides a measure of uncertainty,
allowing the algorithm to balance exploration of unknown regions and exploitation of

known promising areas in the parameter space.Process Overview:

1. Constructing the Surrogate Model with a Gaussian Process:

Objective Function f(x)
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I aim to optimize the objective function f(x), where x€Rd is the input vector in a
d-dimensional space. The function f(x) is unknown and expensive to evaluate,

potentially requiring significant time or resources.

Gaussian Process GP(p(x),k(x,x"))):

In Bayesian Optimization, I model this unknown function f(x) using a Gaussian
Process (GP). A GP is a non-parametric statistical model that treats the function as a
random process, where the function values at any set of input points follow a
multivariate normal distribution. The GP is characterized by two key components: the

mean function p(x) and the covariance (kernel) function k(x,x").

Mean Function p(x):

The mean function p(x) represents the average predicted value of the function at a
given input x. Typically, in the absence of prior knowledge, I initialize the mean

function to zero, assuming the function is unbiased and has no specific trend.

Covariance Function k(x,x’):

The covariance function k(x,x") measures the similarity between two input points
x and x'. Through the covariance function, the GP captures the relationships between

input points, modeling how the function varies.
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2. Acquisition Function:

Bayesian Optimization iteratively selects new points by maximizing an acquisition
function, balancing exploration and exploitation. In this study, I used the Expected
Improvement (EI) acquisition function (Jones et al., 1998). The EI function selects
points that are likely to provide an improvement over the current best-known value

while considering the uncertainty in unexplored regions.

3. Cost Function:

I minimized a cost function designed to measure the discrepancy between the

simulated and observed SIF values:

— 1 Z?: (Ai_A_)z
Joo = \[;Z?ﬂ(Ai - Bi)z/(l ~ I ) (16)

Where x represents the parameter vector to be optimized in the model. A; and B;
are the simulated and observed SIF values at the i-th time point, respectively. A and

B are the mean values of A; and B;. n is the total number of data points.

This cost function integrates the Root Mean Square Error (RMSE) and a variance-

based ratio, aiming to minimize the discrepancy between the model output and
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observations and ensuring that the model not only performs well in terms of error, but
also has a good overall fit. The Gaussian Process uses this cost function to guide the

optimization process.

In this study, I used the GPyOpt module (Gonzalez et al., 2016; Gonzalez et al.,
2015) to perform Bayesian Optimization on the model parameters. The initial set of
points was randomly chosen within predefined bounds based on previous studies (Koffi
et al., 2015; Rayner et al., 2005; Scholze et al., 2007; Wu et al., 2020) and I see the
bounds as large as possible to avoid errors from subjective views. As new points were
evaluated, the surrogate model (GP) was iteratively updated, allowing the algorithm to

intelligently navigate the search space and efficiently find the optimal parameter set.

I1-5 Metrics for evaluating models

I1-5-1 Relative Root Mean Square Error (rRMSE)

The relative root mean square error (rRMSE) is a standard metric used to evaluate
the accuracy of model predictions relative to observations. It quantifies the discrepancy
between predicted and observed values, normalizing the error by the mean of the
observed data. rRMSE is expressed as a percentage, with lower values indicating better

model performance. The rRMSE is calculated using the following equation:

1
n ?zl(Pi_Oi)Z

rRMSE = ¥————x 100 (17)
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Where P; is the predicted value, O; is the observed value, O is the mean of the

observed values, and n is the number of observations.

I1-5-2 Percent Bias (PBIAS)

Percent bias (PBIAS) is a metric that measures the average tendency of the
predicted values to be larger or smaller than the observed values. A PBIAS value close
to zero indicates a model with little systematic bias, while larger positive or negative
values suggest significant overestimation or underestimation, respectively. PBIAS is
often used to assess systematic biases in model predictions.

The equation for PBIAS is:

n (p._0?
PBIAS = 2=2Fi79)" 109 (18)
i=1Yi
Where P; is the predicted value, O; is the observed value, and n is the number

of observations.

I1-5-3 Coefficient of Variation (CV)

The coefficient of variation (CV) is a measure of relative variability. It expresses
the standard deviation of the data as a percentage of the mean, providing an indication
of the extent of variability in relation to the average value. CV is especially useful for

comparing the degree of variability between different datasets. A higher CV indicates
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greater relative variability, while a lower CV suggests more consistent data. The

formula for CV is:

g

CV =2 x 100 (19)

Where o is the standard deviation of the observed values, and p is the mean of

the observed values.
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I11. Results
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ITI-1 Sensitivity analysis of parameters to SIF and GPP outputs

The SHAP analysis of the model parameters (see Table 1 for the description of
parameters) provides a detailed view of the individual parameter contributions and their
effects on the accuracy of GPP and SIF simulations. From Figure 2 (a) and (b), f'is the
most influential parameter, followed by pcd and ks in SIF's simulations. This suggests
that parameters related to the absorbed photosynthetically active radiation (APAR) are
critical to the simulation of SIF, and that variations in the value of f'can significantly
modulate the simulation output of the model. In contrast, parameters like H exhibit
relatively lower SHAP values, suggesting a lesser impact on SIF simulations in the
studied rice paddy ecosystem. The average contribution of each parameter can be seen
in Figure 2 (a). For example, the contribution of f'to SIF is 0.07 mW m nm™! sr-! which
is greater compared with other parameters. Figure 2 (b) also shows how high and low
values of each parameter affect the SIF simulation. For example, a low value of f
contributes more positively to the SIF simulation, while a low value of ks reduces the
SIF simulation. In addition, the SHAP values of f'and p.q showed a relatively balanced
pattern under high and low feature values. From the long left tails of SHAP values of
N, indicate that a low N, could induce larger variations in SIF dynamics. Figure 2 (c)
shows a clustering of samples by their local explanation embedding. The shade of the
color reflects the magnitude of the SHAP values. I can find that SIF values are usually

driven by f, pca and kg, especially f. From Figure 2 (d) and (e), the parameter N, has the
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greatest influence on the GPP simulation results, followed by x,, f'and Ny. The average
contribution of N, to GPP is 208.07 gC m™? year™! followed by xn (163.95 gC m™ year
" which is greater compared with other parameters (Figure 2 (d)). The parameter No, xn
and N, are all related the maximum rate of carboxylation (Vemax). Most of the
parameters ranked in front are related to key physiological and biochemical factors in
the photosynthesis process, such as nitrogen content, carboxylation efficiency (Kc), and
so on. Figure 2 (e) shows how the value (high/low) of each parameter affects GPP
output. For example, a high value of No significantly improves the simulated value of
GPP, suggesting that higher canopy top leaf nitrogen content contributes to higher GPP
output. Figure 2 (f) reveals the effect of each parameter on GPP over 6000 instances.

When GPP output is high, it is always accompanied by a higher value of N, and/or xx.

In summary, the SHAP analysis reveals that the GPP and SIF models are sensitive
to different sets of parameters. Nitrogen-related parameters dominate in the GPP model,
while radiative transfer parameters, such as f, pcd, and k4, are more influential in the SIF
model. According to the SHAP analysis, I selected these 14 parameters in front to do
the model optimization, these 14 parameters contributed more than 95% to the model's

simulation results.
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Figure 2. SHAP values of parameters for simulating SIF and GPP. (a) Bar plot of the

mean absolute SHAP values of parameters for simulating SIF. (b) A set of bee swarm

plots; in which each dot corresponds to a sample (A sample consists of 21 parameter

values and the GPP obtained by these parameters (the annual average of the sum of the

GPPs at the half-hour scale from 2018 to 2020)) in this study. The dot position on x

axis displays the impact that parameter has on the SIF for that sample. When multiple

dots are located in the same x position, they pile up to mean density. (c) A clustering of

samples by their local explanation embedding. Columns are samples and rows are

SHAP values. (d)-(f) are for SIF.
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Table 1

Description of 21 input parameters of VISIT-SIF.

Related Post  Post Relative  Relative
Parameter Description  Unit Prior (site (CSIF change(s change(CS Range
process ) ) ite) IF)
nitrogen
. 0.71 0.83
kn content - 3 ) 0.682 16.69%  -4.35% (0.1, 0.9)
attenuation
nitrogen-
. 1
X photosynthe 22}01 o 046 048 084  435%  8261%  (02,08)
tic capacity
canopy-top i
v No* leaf ;nm(’lm 120 199 168  65.83%  40.00%  (70,250)
e nitrogen
nonphotosy .
. . 1
b nthetic lea mmot m . ( . () 5
N h leaf © 35 64 49 82.86%  40.00% 15, 120
nitrogen
activation
energy for . 6480
E, ) \
-V carboxylatio I'mo 0
n
. iffuse PAR 71 .
ka diffuse PAR —_ 071055 4877 2225% 2197%  (0.1,00)
attenuation 9 9
spectral
. - 0.15 027 0.12 80.00% -20.00% 0.1,0.9
APAR S adjustment ° ° ( )
. diffuse 0.03 0.16 o o (0.01,
Ped reflectance 6 3 0.043  352.78% 19.44% 0.9)
o scattering - 0.15
stomatal
gsSp0” conductance - 5 5.4 6.5 8.00% 30.00% (2,10)
t
Stomat Isjfor;r;l;f r
al . o o (1500,
conduct gsSp1 conductance - 4500 4412 4316 -1.96% -4.09% 8000)
parameter
ance stomatal
gssp’ conductance - 6.9 4 7.3 -42.03%  5.80% (2,10)
parameter
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2209

701
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25176

700
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-12.50%

-10.92%

-1.27%

80.95%

-20.00% (20, 60)

(20000,
1.520
52% 40000)
(700,
_ )
L41%  go0)

57.14% (1, 6)

These are the 21 input parameters of VISIT-SIF, which are related to Vemax (the

maximum rate of carboxylation), APAR (absorbed photosynthetically active radiation),

stomatal conductance, the Michaelis—Menten constant, and Jmax (maximum rate of

electron transport).
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The parameters marked with an asterisk (*) in the table are those identified through the
sensitivity test as having a significant impact on SIF and GPP. These parameters were
selected for optimization, while the remaining parameters were excluded from the
optimization process.

"Prior" refers to the parameter values before optimization. "Post (Site)" indicates the
parameter values after optimization using ground-based SIF data, while "Post (CSIF)"
represents the values after optimization using satellite-derived SIF data (CSIF). The
"Range" specifies the parameter bounds set for the optimization process.

Relative change(site) = (Post(Site)- Prior) / Prior; Relative change(CSIF) = (Post(CSIF-

Prior) / Prior

ITI-2 Improvement of SIF and GPP simulation by optimization at the half-hourly

and daily scales

ITI-2-1 Improvement of SIF and GPP simulations at half-hourly scale

To assess the improvement of half-hourly simulations after model optimization, I
compared the model performance for SIF and GPP over the whole growing season and
across different growth stages (Stage I, Stage II, and Stage III). This analysis provides
a comprehensive evaluation of how optimization improved the model’s ability to
capture temporal variations in photosynthesis and fluorescence dynamics under varying

physiological and environmental conditions.
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For SIF before optimization (Figure 3 (a)-(d)), the R? for the entire growing season
was relatively low (0.37) (Figure 3 (a)), indicating a weak correlation between observed
and simulated values. Among the individual growth stages, Stage III exhibited the
highest R? (0.52) (Figure 3 (d)), reflecting relatively better model performance during
the ripening stage when canopy structure and chlorophyll content are more stable.
However, the model struggled most during Stage II, with R? dropping to 0.14 (Figure
3 (c)), likely due to the complex physiological changes and high variability in
environmental conditions during the reproductive phase. The high values of relative
root mean square error (rRMSE) across all stages, ranging from 120.18% to 132.43%,
further highlight the significant deviations between simulated and observed SIF values.
Additionally, percent bias (PBIAS) analysis revealed systematic underestimation of SIF,
particularly in Stage I1I, where PBIAS was -29.05%. This underestimation suggests that
the pre-optimization model had difficulty capturing the high fluorescence emission

during peak photosynthetic activity.

After optimization (Figure 3 (e)-(h)), there was a noticeable improvement in
values for SIF simulations. The R? for the entire growing season increased significantly
to 0.60 (Figure 3 (e)), reflecting a stronger overall agreement between observed and
simulated values. Stage III showed the largest improvement, with R? increasing from
0.52 to 0.69 (Figure 3 (h)), demonstrating the model's enhanced ability to capture

fluorescence dynamics during this stage. Stage I and Stage II also experienced
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improvements, with R? increasing to 0.61 and 0.43, respectively (Figure 3 (f) and (g)).
The substantial decrease in rRMSE values after optimization, particularly for Stage III
(from 120.18% to 55.25%), indicates a marked reduction in model error. However, the
PBIAS values post-optimization suggest some overestimation of SIF, particularly in
Stage II (43.23%) and Stage I (37.77%), which may point to overcompensation in the

optimization process.

For GPP before optimization (Figure 3 (i)-(1)), the initial model performance was
also limited. The R? for the entire growing season was 0.47 (Figure 3 (i)), indicating
moderate correlation between observed and simulated GPP. Stage I performed slightly
better, with an R? of 0.50 (Figure 3 (j)), likely due to the simpler physiological processes
in the early vegetative stage. However, Stage II had the lowest R? (0.12) (Figure 3 (k)),
reflecting the model’s poor fit during this critical reproductive stage. The high rRMSE
values across all stages, particularly in Stage III where rRMSE reached 173.12%
(Figure 3 (1)), highlight the model's significant underestimation of GPP. Similarly,
PBIAS analysis revealed large negative biases, especially in Stage III (-49.75%),

indicating systematic underestimation of peak photosynthetic activity during this stage.

After optimization (Figure 3 (m)-(p)), the GPP simulations showed substantial
improvements. The R? for the entire growing season increased to 0.68 (Figure 3 (m)),
demonstrating a stronger overall correlation between observed and simulated GPP

values. Stage I and Stage III also saw notable enhancements, with R? values increasing
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to 0.68 and 0.66, respectively (Figure 3 (n) and (p)). While Stage II remained relatively
weaker compared to other stages, its R? still improved from 0.12 to 0.49 (Figure 3 (0)),
indicating better model performance during the reproductive phase. The rRMSE values
decreased significantly across all stages, particularly in Stage III, where rRMSE
dropped from 173.12% to 36.30%, reflecting a substantial reduction in model error.
Furthermore, the PBIAS values improved dramatically, with near-neutral biases across
all stages. For example, the PBIAS for the entire growing season was reduced to 0.26%,
and in Stage III, it was minimized to 1.42%. These results highlight the effectiveness
of the optimization process in reducing both systematic and random errors in GPP

simulations.

Overall, the optimization process significantly improved the model’s ability to
simulate half-hourly SIF and GPP across all growth stages, with the most notable
improvements observed in Stage III for both SIF and GPP. While rRMSE values
decreased substantially after optimization, indicating a reduction in model error, the
PBIAS for SIF suggests some remaining issues with overestimation, particularly in
Stage I and Stage II. For GPP, however, the optimization process successfully reduced

both rRMSE and PBIAS, leading to more accurate and reliable simulations.
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limitation of SIF observation data, SIF data showed here is from June 29th, 2019 to
September 10th, 2020 including one entire growing season. GPP is from 2018-2020

including three entire growing seasons.
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Figure 4. Comparison of optimized simulated and observed SIF data under (a) cloudy
and (b) sunny conditions at the half-hourly scale from 7:00-17:00, between June 29
2019 and September 10" 2020. Comparison of optimized simulated and observed GPP
data under (c¢) cloudy and (d) sunny conditions at the half-hourly scale for 2018-2020.
The blue points represent cloudy conditions, the orange points represent sunny
conditions. Weather conditions were defined in section 2.1.3.
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II1-2-2 SIF and GPP under sunny and cloudy conditions

To further evaluate the performance of the optimized model, I examined the
relationship between half-hourly simulated data (after optimization) and observed data
under different weather conditions, specifically comparing cloudy and sunny conditions
for SIF and GPP. This analysis allows for a detailed understanding of the model’s
ability to simulate photosynthetic dynamics and fluorescence under varying light

environments, highlighting its strengths and limitations.

For SIF (Figure 4 (a), (b)), the model performed better under sunny conditions
compared to cloudy conditions. The R? for sunny conditions reached 0.76 (Figure 4 (a)),
indicating a strong correlation between simulated and observed SIF values. This high
R? reflects the model’s capability to accurately capture diurnal variations in SIF under
conditions of stable, direct sunlight. In contrast, the R? for cloudy conditions was 0.53
(Figure 4 (b)), suggesting reduced model performance under diffuse light conditions.
This discrepancy likely arises from the complexities of radiative transfer under cloud
cover, where light scattering modifies the absorption and emission processes that
influence SIF. The rRMSE and PBIAS values further support this trend, with rRMSE
decreasing significantly from 74.37% on cloudy days to 57.24% on sunny days, and
PBIAS improving from 35.08% to 25.09%. These results indicate that the optimized
model not only captures overall patterns in SIF more effectively under sunny conditions

but also reduces systematic errors associated with overestimation.
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For GPP (Figure 4 (c), (d)), the model also exhibited better performance under
sunny conditions. The R? under sunny conditions was 0.79 (Figure 4 (c)), compared to
0.55 under cloudy conditions (Figure 4 (d)). The lower R? under cloudy conditions
suggests that the model struggles to simulate GPP accurately when diffuse light
dominates, likely due to changes in photosynthetic efficiency and canopy light
distribution. Similar to SIF, the rRMSE and PBIAS for GPP showed clear
improvements under sunny conditions. The rRMSE decreased from 54.89% on cloudy
days to 41.16% on sunny days, reflecting a substantial reduction in model error.
Meanwhile, the PBIAS decreased from 5.76% to 2.52%, indicating that the model’s
bias in GPP estimation is much lower when direct sunlight is present. These findings
suggest that the model can better simulate photosynthetic activity when light conditions

are stable and predictable.

Overall, the model performed better under sunny conditions for both SIF and GPP,
as demonstrated by higher R, lower rRMSE, and reduced PBIAS values. The stronger
performance on sunny days underscores the model’s ability to simulate photosynthetic
dynamics under direct sunlight, where radiative transfer and light use efficiency
processes are more straightforward. However, the lower performance under cloudy
conditions highlights the model's limitations in accounting for the complexities
introduced by diffuse light. Cloud cover affects the partitioning of absorbed

photosynthetically active radiation (APAR) between photochemical and non-
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photochemical pathways, altering the relationships between SIF, GPP, and light use
efficiency. These results indicate potential areas for further improvement in the model,
such as enhancing the representation of diffuse light effects and radiative transfer

processes under variable atmospheric conditions.

I11-2-3 Diurnal cycle of SIF and GPP

The averaged diurnal cycle data for each time point shown in Figure 5 were
obtained by averaging the data for that time point over the entire growing season and
over each growth stage of 2020. The simulated and observed SIF and GPP data all
exhibited a hump shape at the diurnal step, with SIF and GPP values lower in the
morning and evening than at midday. Therefore, the R? values between simulations and
observations were high (all R? > 0.84). For SIF (Figure 5 (a)-(d)) before optimization,
the overall R? for SIF during the entire growing season was 0.93, and across different
growth stages, it ranged from 0.90 to 0.94. The highest R? was observed in Stage III
(0.94) (Figure 5 (d)), indicating a good fit between the modeled and observed SIF.
However, the model showed substantial errors in terms of rRMSE and PBIAS. In
particular, the rRMSE was highest in Stage 1 (57.70%) (Figure 5 (b)), and PBIAS
showed a significant overestimation during Stage I (43.23%) and underestimation in
Stage III (-30.42%). Additionally, the model significantly underestimated the
variability in SIF, particularly in Stages II and III, where the CV values were only 17.56%

and 18.42%, respectively, compared to the observed 37.43% and 44.37%. After
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optimization, the R? values improved significantly, reaching 0.99 for the entire season
and consistently high values (0.98) across all growth stages. This indicates that the
optimization effectively improved the model’s ability to capture the SIF dynamics
throughout the day. However, while R? improved, the rRMSE for Stage II increased
from 20.14% to 51.50% (Figure 5 (c)), and PBIAS remained relatively high across all
stages, particularly in Stage II (48.15%). In terms of variability, the CV values for the
whole season decreased to 25.40%, showing that the model better captured the
variability across stages, although the simulated variability remained lower than

observed in Stage I (28.13% vs. 47.35%).

For GPP (Figure 6 (e)-(h)), the initial model performance showed an R? of 0.93
for the whole growing season (Figure 6 (e)), with slight variations across stages. The
model performed best during Stage II (R?= 0.95) (Figure 6 (g)) and exhibited lower
accuracy in Stage III (R? = 0.84) (Figure 6 (h)). The errors in rRMSE were fairly
consistent across stages, with values ranging between 51.05% and 58.22%. PBIAS
indicated a significant underestimation of GPP across all stages, with the largest
underestimation in Stage III (-52.3%). The CV values before model optimization were
much lower than observed, with the whole season CV at 6.10% compared to the
observed 26.41%, indicating that the model underestimated the variability in GPP.
After optimization, the GPP model performance improved significantly, achieving an

R? of 0.97 for the entire growing season and even higher values during individual
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growth stages, especially in Stage II (R?= 0.98). The optimization also reduced the
rRMSE across all stages, particularly in Stage I (11.12%) and Stage II (14.65%),
indicating a substantial reduction in model errors. Furthermore, the PBIAS improved
dramatically, with the model closely aligning with observed GPP values, especially in
Stage III, where PBIAS reached near 0 (0.12%). The optimization process also
improved the model’s ability to capture GPP variability, with the CV for the whole
season increasing to 14.27%. While this is still below the observed value, it represents

a notable improvement from the pre-optimization results.

However, long-term averaged data may not fully represent the model's overall
performance due to the loss of details during averaging. This is highlighted in Figure 6,
where the observed and simulated SIF (Figure 6 (a)) and GPP (Figure 6 (b)) at half-
hour resolutions from 7:00-17:00 PM during DOY 196-203 in 2020 are compared. I
selected this period randomly. Notably, both the SIF and GPP observation showed
intense fluctuations (CV(SIF) = 63.49%, CV(GPP) = 48.98%) throughout the day,
different from the smooth hump-shaped patterns shown in Figure 5. In Figure 6 (a), the
optimized SIF exhibits a more fluctuating hump-shaped pattern, closely aligning with
the observed SIF (R? values improved from 0.19 to 0.48, and rRMSEs decreased from
79.89% to 70.95%) but with slightly weaker fluctuations than the observed SIF.
However, the overestimation of optimized SIF is more significant than the initial SIF

with PBIAS increased from 34.62% to 64.17%. The CV further emphasizes the model's
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underestimation of variability. The observed SIF has a CV of 63.49%, whereas the
model's CV before optimization was only 35.94%. After optimization, the CV
decreased to 28.96%, indicating that while the model captured the general trend better,

it still underestimates the true variability of SIF.

In Figure 6 (b), the prior GPP values are notably lower than the observed values,
showing mild fluctuations that generally correspond to the observed data, but still with
a relatively high R? value of 0.75, and the rRMSE was 54.14%. After optimization, the
simulated GPP was more consistent with the observed data, with an R? value of 0.82,
an TRMSE of 29.66%, and underestimation have been significantly improved with
PBIAS changed from -31.60% to -2.36%. The CV analysis supports this improvement,
with the observed GPP having a CV of 48.98%. Before optimization, the simulated
GPP had a much lower CV of 8.66%, indicating a severe underestimation of variability.
After optimization, the CV increased to 23.74%, showing that the model better captures
the day-to-day fluctuations in GPP but still underestimates the full extent of variability

present in the observed data.

In summary, the optimization process improved the model’s performance for both
SIF and GPP simulations, particularly in terms of R?, which increased across all stages.
However, despite the improvement in the correlation between modeled and observed
data, some challenges remain in reducing the rRMSE and PBIAS, particularly for SIF

in Stage II and in improving the model ability to capture the variability of SIF and GPP.
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Figure 5. Diurnal variations (7:00—17:00) averaged over the entire growing season and

three growth stages of 2020 for (a-d) SIF and (e-h) GPP. The blue points represent the

observed data, the orange points represent the results of the model simulation before
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optimization, and the red points represent the results of the model simulation after

optimization. In the figure, "prior" means before optimization, and "post" means after

optimization.
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data, the blue line represents the model simulation before optimization, and the red line

represents the model simulation after optimization.
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Figure 7. Comparison between (a) simulated SIF and observed SIF data for 2020 and

(b-d) simulated GPP and observed GPP data before and after optimization for 2018-

2020 at the daily scale. The gray dotted line shows the observed SIF in (a) and the

observed GPP in (b-d). The purple line shows the simulated SIF before optimization,

and the red dotted line shows the simulated SIF after optimization. The orange line

shows the simulated GPP before optimization, and the blue dotted line shows the

simulated GPP after optimization. The daily SIF and GPP data were obtained by

averaging half-hourly data from 7:00 to 17:00 each day.
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I11-2-4 Improvement of SIF and GPP simulations at daily scale

The daily SIF and GPP values shown in Figure 7 were calculated by averaging
half-hourly data from 7:00 to 17:00 for each day. Since complete SIF data were only
available for 2020, the analysis of SIF performance focuses exclusively on this year.
By averaging over daily timescales, this analysis highlights seasonal and stage-specific
patterns while reducing the influence of short-term variability. Across the entire
growing season, the optimization process resulted in significant improvements for both

SIF and GPP simulations (Figure 7).

For SIF (Figure 7 (a)), the overall R? increased substantially from 0.45 to 0.69 after
optimization, reflecting a much stronger correlation between simulated and observed
daily SIF values. This improvement demonstrates that the optimization effectively
reduced systematic discrepancies between the model and observations. Furthermore,
the rRMSE decreased from 66.83% to 50.12%, indicating a significant reduction in
overall error. However, the PBIAS showed a shift from underestimation (-29.25%) to
overestimation (26.08%), highlighting a trade-off in bias correction post-optimization.
This overestimation suggests that while the optimization improved the fit between
simulated and observed SIF, it introduced a tendency to overpredict SIF values,

particularly during periods of peak fluorescence.

For GPP (Figure 7 (b)-(d)), the improvements spanned three years (2018-2020),

with the R? increasing for all years. The highest R? was observed in 2018 (0.87),
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followed by 2019 (0.81) and 2020 (0.77), indicating consistent enhancement in model
performance across years. The rRMSE showed particularly notable reductions,
especially in 2018, where it decreased from 70.77% to 23.67%, indicating a marked
reduction in error. Similarly, PBIAS improved from significant underestimation (-
53.05%) to a near-neutral bias (-1.81%), demonstrating the optimization's effectiveness
in aligning simulated GPP with observations. These results verify that the optimization
process was robust, even for years without direct SIF data assimilation, as observed in

2018.

The CV analysis further supports these findings. For GPP, the pre-optimization
model consistently underestimated variability across years and growth stages. After
optimization, the model's ability to capture variability improved significantly. For
instance, in 2018, the CV for GPP increased from 49.50% to 62.79%, approaching the
observed CV of 65.34% (Figure 7 (b)). For SIF, however, the optimized model
continued to underestimate variability compared to observations, as the simulated CV
remained lower than the observed values. This underestimation indicates that while the
model captured overall trends more accurately after optimization, it still struggled to

reflect the full extent of natural fluctuations in SIF.

For the I-III growth stages, the evaluation indicators for daily simulations are
presented in Table 2. Before optimization, the daily SIF simulations exhibited relatively

weak correlations with observations, especially in Stages I and II, where R? values were
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0.38 and 0.23, respectively. These stages are characterized by high variability in
physiological and environmental conditions, which likely contributed to the poor model
performance. In Stage III, the R? improved to 0.69, indicating better performance during
the ripening stage, where canopy conditions stabilize. However, the model
underestimated SIF significantly in Stage III, with a negative PBIAS of -41.43%. The
rRMSE values were also high across stages, particularly in Stage I (79.91%) and Stage
IT (73.31%), highlighting substantial discrepancies between simulated and observed

daily SIF values.

After optimization, the SIF simulation performance improved across all growth
stages. The R? values increased markedly, particularly in Stage I (from 0.38 to 0.67),
demonstrating enhanced model accuracy during the early vegetative phase. The rRMSE
values also decreased substantially, especially in Stage III (from 52.36% to 23.74%),
reflecting significant error reductions. However, the PBIAS showed an overestimation
trend post-optimization, with values increasing in Stage I (from -6.26% to 47.44%) and
Stage II (from -29.08% to 39.82%). Despite these biases, the model captured overall
variability better, as indicated by improvements in CV values. For example, the CV in

Stage I increased from 53.36% to 59.78%, moving closer to observed variability.
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Table 2

The metrics of SIF and GPP at each growth stages at daily scale

SIF SIF SIF 2018 2018 2018 2019 2019 2019 2020 2020 2020
GpPP GPP GPP GPP GPP GPP GPP GPP GPP
Stage  Stag Stage
I el I Stage Stage Stage Stage Stage Stage Stage Stage Stage
| 11 I | 11 I | 11 I
R? (prior)  0.38 023 069 072 028 062 073 035 084 070 021 0.60
R? (post) 0.67 041 077 080 071 078 082 049 085 080 046 0.76
rRMSE 79.91 733 5236 8134 64.06 5558 79.79 4734 61.69 6739 38.87 48.84
(prior)(%) 1
rRMSE 75.17 68.1 23.74 46.66 11.39 20.87 41.83 2821 16.72 40.89 33.09 18.37
(post)(%o) 1
PBIAS . - - - - _ - ; ;
-6.2 29. -46. -43.
(prior)(%) 6.26 890 41.43 6.3 61.35 48.42 48.86 38.69 57.23 3444 23.79 39
PBIAS 47.44 398 802 -6.02 084 -1.82 -7.75 16.04 -791 1.13 12.05 -0.68
(post)(%o) 2
Ccv 100.3 629
4. . 2091 40.52 84.72 3l. 24 42 28.82 .
(obs)(%) . 0 4495 8795 20.9 0.52 84.72 31.78 37 85 8.82 33.60
Ccv 29.0
. 53.36 29.50 4958 15.64 40.27 53.39 15.55 38.63 56.59 14.73 43.04
(prior)(%) 1
Ccv 24.0
59.78 3046 5838 17.22 4489 62.14 1541 39.76 62.16 17.64 37.78
(post)(%o) 2

"prior" means before optimization, and "post" means after optimization.

R2, IRMSE, PBIAS between simulations (both before and after optimization) and
observations for different stages at daily scale, and CV for observations (CV(obs)), CV
for simulation before optimization (CV(prior)) and CV for simulation after

optimization (CV(post)).

For GPP (Table 2), the pre-optimization model performed better than for SIF, but
it still exhibited significant underestimation across all stages. Before optimization, the
R? values were relatively high in Stage I (0.72) and Stage III (0.62) but were notably
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lower in Stage IT (R?=0.28), reflecting challenges in simulating photosynthetic activity
during this transitional phase. Severe underestimation of GPP was evident from the
negative PBIAS, particularly in Stage II (-61.35%) and Stage III (-48.42%). The
rRMSE values were high across all stages, with Stage I showing the highest error

(81.34%).

After optimization, the GPP simulation improved significantly across all growth
stages. The R? values increased in all stages, with the most substantial improvement in
Stage II (R? increasing from 0.28 to 0.71), reflecting better model accuracy during this
critical phase. The rRMSE values also decreased sharply, particularly in Stage II (from
64.06% to 11.39%) and Stage III (from 55.58% to 20.87%). Furthermore, the PBIAS
improved dramatically, especially in Stage II, where it shifted from -61.35% to 0.84%,
indicating a substantial reduction in bias. The CV for GPP increased closer to observed
values, particularly in Stage I (from 49.58% to 58.38%), further demonstrating the

model’s enhanced ability to capture variability.

In summary, the optimization process significantly improved the model's
performance for daily SIF and GPP simulations, reducing errors and increasing R?
across the growing season. Notably, the optimization also enhanced the model’s ability
to simulate GPP in 2018, a year without SIF observations used in the assimilation
process, thereby validating the robustness of the optimized model. However, despite

these improvements, the model continues to overestimate SIF in certain stages and
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underestimate variability, particularly for SIF, indicating the need for further

refinements.

I1I-3 Data assimilation of the sparsely satellite SIF dataset

Satellite-derived SIF datasets, such as CSIF, have emerged as valuable tools for
estimating gross primary production (GPP) at regional and global scales. These datasets
offer unique opportunities to expand the spatial and temporal scope of GPP studies,
providing a bridge to regions where ground-based measurements are sparse or
unavailable. However, their application to process-based models like VISIT-SIF is not
without challenges. The sparse temporal resolution, coarse spatial coverage, and
inherent uncertainties caused by atmospheric interference in satellite-derived SIF data
can hinder their accuracy and limit their effectiveness for direct model optimization.
Despite these limitations, the assimilation of CSIF data into process-based models
represents a promising step towards improving simulations of both SIF and GPP at

larger scales.

As shown in Figure 8 (a), the comparison between CSIF and ground-based SIF
observations yielded an R? of 0.53, an rRMSE of 47.71%, and a PBIAS of -22.06%.
These metrics indicate that while CSIF data successfully capture general trends in SIF
dynamics, discrepancies remain, particularly in terms of underestimation. This
underestimation is likely due to the coarser resolution of CSIF, which averages out fine-

scale variations, as well as uncertainties in the algorithms used to derive SIF from
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satellite measurements. Additionally, atmospheric effects and sensor-specific errors can
introduce noise, further contributing to the observed discrepancies. Despite these
limitations, the moderate R? suggests that CSIF provides a reasonable basis for model

optimization, particularly in regions lacking ground-based observations.

Following data assimilation, the VISIT-SIF model was optimized using the CSIF
data, with parameter adjustments detailed in Table 1. The optimization process aimed
to improve the model’s ability to simulate both SIF and GPP, and the results were
validated against site-observed data. For SIF, the optimized model achieved an R? of
0.51, an rRMSE of 68.79%, and a PBIAS of 30.87% when compared to site
observations (Figure 8 (b)). While the optimization improved the model’s correlation
with observed SIF, as indicated by the R?, the increase in PBIAS reflects a tendency to
overestimate SIF post-optimization. This overestimation suggests that the optimization
process, while effective in reducing underestimation biases, may have introduced a new

bias, particularly in capturing peak SIF values.

For GPP, the CSIF-optimized model showed better performance, with an R? of
0.65, an rRMSE of 52.07%, and a near-neutral PBIAS of -2.72% when compared to
site-observed GPP (Figure 8 (c)). These results indicate that the model effectively
reduced bias in GPP simulations, as evidenced by the low PBIAS, which represents a
significant improvement compared to pre-optimization values. The R? value

demonstrates that the model captures a substantial portion of the variability in observed
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GPP data, although it remains slightly lower than the R? achieved through optimization
with site-observed SIF. The rRMSE values, while indicating room for further
refinement, highlight the model's capability to reproduce general patterns and

variability in GPP at daily scales.

Although the performance of the CSIF-optimized model was slightly inferior to
that achieved with site-observed SIF data, the results are still promising. For instance,
the lower R? for GPP simulations compared to site-optimized results underscores the
limitations of satellite-derived data in capturing fine-scale variability. However, the
near-neutral PBIAS and improved rRMSE suggest that CSIF data can still serve as a
valuable substitute for ground-based data in regions where such measurements are
unavailable. The capability of CSIF-optimized models to reproduce GPP dynamics with
reasonable accuracy demonstrates the potential of satellite-derived SIF data to support

large-scale carbon cycle studies.

For the parameter values(Figure 9), our results suggest significant differences in
the parameters optimized using ground-based SIF data compared to those optimized
using satellite-derived CSIF data. Notably, f (spectral adjustment parameter) and pcd
(diffuse reflectance) showed substantial changes when ground-based SIF data were
used for optimization, increasing by 80% and 353%, respectively. These parameters
were ranked first and second in the SHAP analysis regarding their contribution to SIF

simulations. Their large changes suggest that ground-based data, with its higher
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precision and finer spatial resolution, allows for more detailed adjustments of local
optical and physiological processes, leading to more substantial improvements in the
model. However, when we used satellite-derived CSIF data for optimization, the
changes in these parameters were more modest. For instance, f decreased by 20%, and

ped experienced much smaller adjustments.

Overall, the results highlight the utility of satellite-derived data for data
assimilation in the VISIT-SIF model. While the performance of the CSIF-optimized
model does not match that of site-observed SIF optimization, it remains an effective
alternative for regions where in-situ observations are limited or unavailable. The study
underscores the importance of improving satellite SIF retrieval algorithms and reducing
uncertainties associated with atmospheric and sensor effects to enhance the reliability
of CSIF data. Future efforts should focus on integrating high-resolution remote sensing
datasets or combining multiple data sources to further refine the performance of

process-based models like VISIT-SIF.
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I11-4 The relationships between SIF and GPP across different time scales

For the ground-based SIF-GPP relationship (Figure 10 (a-d)), the data shows
consistently strong linear correlations between SIF and GPP across different timescales
(half-hourly, daily, and weekly) and growth stages. These correlations highlight the
robustness of SIF as a proxy for GPP under varying temporal resolutions and
phenological conditions. At the half-hourly scale, the R? values are relatively high
across the whole growing season and individual stages, ranging from 0.70 in Stage I to
0.78 in Stage III. These results reflect the model's capability to capture real-time
photosynthetic activity, especially during the ripening stage, when the canopy structure
and chlorophyll content are stable. At the daily scale, the correlations improve
significantly with temporal aggregation, reaching 0.92 in Stage III. This improvement
aligns with the smoothing effect of daily averaging, which reduces noise and short-term
fluctuations, thereby enhancing the linear relationship between SIF and GPP. At the
weekly scale, the relationship is strongest, with R? values as high as 0.96 in Stage I and
0.95 in Stage IIl. This indicates that longer temporal aggregation provides a more
integrated view of the relationship between SIF and GPP, capturing overall trends while

minimizing the impact of transient environmental variability.

Before optimization (Figure 10 (e-h)), the model's SIF-GPP relationship displays
much weaker linear correlations, especially at finer timescales. At the half-hourly scale,

the R? values are low, ranging from 0.32 to 0.42 across different stages, suggesting that
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the pre-optimization model struggles to capture rapid fluctuations in photosynthetic
activity. These weak correlations likely reflect inaccuracies in the model's
representation of diurnal SIF and GPP dynamics, which are influenced by factors such
as light availability, canopy structure, and physiological processes. At the daily scale,
the R? values improve slightly with temporal aggregation but still indicate poor
performance, particularly in Stage II, where the R? drops to 0.17. This stage,
characterized by high variability in physiological and environmental conditions, poses
significant challenges for the pre-optimization model. At the weekly scale, the model
shows some improvement, achieving an R? of 0.86 in Stage I. However, discrepancies
remain significant in Stage IT (R?= 0.15), highlighting persistent model deficiencies in

capturing the relationship between SIF and GPP during this critical growth phase.

After optimization (Figure 10 (i-1)), the model's performance improves
substantially across all timescales. At the half-hourly scale, the R? values increase
significantly, reaching as high as 0.88 in Stage II and 0.87 in Stage IIl. These
improvements reflect the effectiveness of the optimization process in refining
parameter representations and reducing systematic errors in real-time simulations. At
the daily scale, the optimization results in further enhancements, with R? values
increasing to 0.92 in Stages I and III. However, Stage II still shows relatively weaker
performance (R? = 0.73), indicating lingering challenges in accurately simulating SIF-

GPP dynamics during this transitional stage. The weekly scale shows the most dramatic
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improvements, with the optimized model achieving very strong correlations, such as an
R? of 0.99 in Stage I. This near-perfect correlation underscores the model's ability to
capture aggregated trends and reduce variability-induced errors at longer temporal

scales.

In conclusion, data assimilation significantly improves the model's ability to
simulate the SIF-GPP relationship, particularly at finer timescales like half-hourly and
daily. The enhanced correlations across growth stages and temporal resolutions
demonstrate the value of optimization in refining process-based models like VISIT-SIF.
However, the model's performance in Stage Il remains weaker compared to other stages,
even after optimization. This suggests the need for further refinement in the model's
representation of physiological and environmental processes during the reproductive
phase, which is marked by high variability in canopy structure and light use efficiency.
Future work could focus on improving parameterizations specific to this stage to further

enhance the model's accuracy.
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Figure 10. Relationships between ground-based SIF and GPP for (a) whole growing
season and (b-d) each growth stage from half-hourly to daily to weekly steps for 2020

for daytime (7:00-17:00); (e-h) for simulated SIF and GPP by initial VISIT (before
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optimization); (i-1) for simulated SIF and GPP by optimized VISIT. The grey, pink, and
cyan in the figures represent half-hourly, daily (1 d) and weekly scales, respectively.
The black line is a linear regression for the half-hourly data, and linear fit for other time

scales is not shown in the figures.

III-5 The relationship between SIF and GPP and possible impacts of

environmental factors

The relationship between observed SIF and GPP is complex (Guanter et al., 2012;
Paul-Limoges et al., 2018), and the sensitivity of GPP to SIF has not yet received
sufficient attention (Wang et al., 2020). To improve our understanding of the
relationship between GPP and SIF, it is important to study the dynamic relationship
between SIF and GPP at the ecosystem scale. In this section, I investigated the effects
of environmental factors (temperature, precipitation, and sunlight) on the SIF-GPP

relationship.

To test the influence of temperature (Figure 11 (a-c)), I divided the rice growing
season into three periods with different temperatures: May (average daytime (7:00-
17:00) temperature: 20.00 °C), June and July (24.08 °C), and August to mid-September
(29.45 °C). As the temperature increased, the linear correlation of SIF-GPP
strengthened, with R? values changing from 0.44 in May to 0.80 in August-September,

and rRMSEs decreased from 0.53 to 0.27. With increasing temperature, the slopes of
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SIF-GPP initially increased and then decreased slightly (13.75 in May, 27.57 in June

and July, and 25.05 in August and September).

To investigate the impact of precipitation, I categorized the growing season into 2
periods with and without rainfall (Figure 11 (d-e)). The observed SIF-GPP exhibited a
weaker linear relationship during rainfall (R* = 0.65, fRMSE = 0.54) than during
nonrainfall periods (R? = 0.76, rRMSE = 0.41), but the slope of SIF-GPP under rainy

conditions (36.39) was greater than that under nonrainfall conditions (28.92).

To examine the impact of sunlight on SIF-GPP (Figure 11 (f-g)), [ compared SIF-
GPP under cloudy and sunny conditions (identified in Section 2.6). A stronger linear
relationship of SIF-GPP was found under sunny conditions (R?>= 0.80, rRMSE = 0.41)
than under cloudy conditions (R? = 0.72, rRMSE = 0.45). However, there were no
significant differences between the two slopes, as the slope under sunny conditions was

30.99, which was slightly greater than 29.94 for cloudy conditions.

In summary, the SIF-GPP correlation was affected by environmental factors
(Verma et al., 2017; Paul-Limoges et al., 2018). I found that the greater the temperature
was, the stronger the correlation between the rice SIF and GPP (Figure 11 (a-c)). I also
noted that the slope of the linear model was greatest in June and July, which is consistent
with the conclusion reached by Chen et al.(2021) in which the most pronounced

seasonal amplitude of GPP/SIF occurred in intermediate temperature ranges. The
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correlation between SIF and GPP was better under nonrainy conditions than under rainy
conditions (Figure 11 (d) and (e)). The slopes of the SIF and GPP equations were
significantly greater under rainy conditions than under nonrainy conditions. However,
I found that the slopes under sunny and cloudy (cloudy but not rainy) conditions were
not significantly different. Therefore, it is concluded that temperature and precipitation
have the most significant effects on SIF-GPP. Thus, to improve the accuracy of GPP
inversion using SIF, it is important to consider the spatial and temporal variations in the
SIF—-GPP relationship, as well as environmental factor constraints and PFTs, especially
when conducting long-term large-scale studies (Chen et al., 2021b; Guanter et al., 2012;
Jeong and Park, 2021). However, I should consider that precipitation not only affects
vegetation but also affects the instruments that detect SIF and GPP, especially the
instrument for detecting SIF, which is obtained by inverting vegetation spectra. The
effect of precipitation on the reflectance spectra of vegetation should also be significant,
and the GPP, which is calculated by calculating gas exchange, is affected by
precipitation less than that of SIF. In other words, the results I obtained were not only
accompanied by changes in the physiological state of the vegetation but also by
instrumental errors, and it is challenging to estimate which factor had a more significant

impact on the results.
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Figure 11. The relationship between ground-based SIF and GPP (a) in May (average

daytime temperature of 7:00-17:00, 20.00 °C), (b) in June and July (24.08 °C), and (c)

in August to mid-September (29.45 °C) under different weather conditions, including

(a) rain, (b) no rain (sunny or cloudy but not rainy conditions), (c) sunny, and (d) cloudy

(cloudy but not rainy conditions), at a half-hourly scale from 7:00-17:00. Linear

regression lines are shown in black, and regression statistics are given. R? values and

rRMSE:s represent the coefficient of determination and the relative RMSE of the fitted

linear regressions, respectively.
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IV. Discussion
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IV-1 Key parameters of SIF and GPP simulation

The SHAP analysis of model parameters provides a comprehensive view of the
contributions and influence of individual parameters on the simulation accuracy of both
GPP and SIF. This analysis reveals several key insights into the underlying processes

that drive model performance and provides direction for future model improvements.

Our SHAP analysis for GPP simulations demonstrates that parameters related to
nitrogen content which effect Vemax a lot, particularly canopy-top leaf nitrogen (No),
play a critical role in determining the accuracy of GPP estimates. This aligns with
previous studies, which have emphasized that terrestrial carbon cycle models exhibit
high sensitivity to Vemax (Bonan et al., 2011; Farquhar et al., 1980; Kattge & Knorr,
2007; Rogers, 2014; Sargsyan et al., 2014; Walker et al., 2017), and the importance of
N, aligns with existing studies (Ackerly, 1992; Kattge et al., 2009; Terashima &
Hikosaka, 1995; Wright et al., 2004) that emphasize the role of nitrogen in enhancing
photosynthetic capacity, as nitrogen is directly involved in the synthesis of key

photosynthetic proteins, including Rubisco.

In addition to nitrogen-related parameters, the spectral adjustment parameter (f)
and carboxylation efficiency (Kc) also exhibit high SHAP values. These parameters
directly influence the model's capacity to capture variations in light use efficiency (LUE)

and overall photosynthetic rates. This partially explains why LUE-based models have
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been shown to successfully simulate GPP with relatively high accuracy (Bao et al., 2022;
Huang et al., 2021; Monteith, 1972; Zhou et al., 2016). The prominent impact of these
parameters underlines the model’s sensitivity to both biochemical and radiative transfer

Pprocessces.

The SHAP analysis for SIF simulations highlights a different set of dominant
parameters, with the parameter f/ and diffuse reflectance (pca) emerging as the most
influential. These parameters are directly linked to the energy partitioning processes
within the canopy, affecting how APAR is distributed between fluorescence emission,
heat dissipation, and photosynthesis. This is consistent with previous studies showing
that SIF is more directly related to APAR than GPP under certain conditions
(Frankenberg et al., 2012; Jenkins et al., 2007; Knyazikhin et al., 1998; Yang et al.,
2018; Yang et al., 2015). For example, Yang et al. (2018) found SIF is a better proxy
of APAR than GPP at half-hourly resolution in a rice paddy. Yang et al., (2015) also
found that SIF has a stronger correlation with APAR than with GPP at diurnal and
seasonal scales in forests. The dominance of these parameters suggests that the SIF
model is particularly sensitive to radiative transfer processes, more so than to the
biochemical processes that drive GPP. The strong impact of the diffuse PAR attenuation
(ka) on SIF simulation further emphasizes the importance of accurately modeling light
interactions within the canopy. The influence of ks, along with pcq, indicates that

variations in light scattering and absorption significantly affect the amount of energy
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re-emitted as fluorescence, making these factors critical for SIF predictions. This
divergence in parameter sensitivity highlights the complex nature of SIF-GPP

relationships, as different processes dominate the simulation of each variable.

IV-2 Impact of data assimilation on model performance

In this study, I observed that the data assimilation process brought notable
improvements to the model's performance in simulating both SIF and GPP. However,
one interesting result is that GPP simulations were generally more accurate than SIF
simulations across the entire growing season and during each growth stage, even though
the data assimilation process specifically used SIF data to optimize the model
parameters. Bacour et al. (2019) also observed similar findings, where GPP simulations
outperformed SIF simulations across various plant functional types on a monthly
timescale. Similarly, Parazoo et al. (2020) observed that CLMS5.0 demonstrated stronger
capability in simulating GPP compared to SIF evaluated by ground-based data. Several

factors may contribute to this outcome, which warrants a more detailed discussion.

The assimilation of ground-based SIF data helped to optimize key parameters
related to APAR like f'and pcq (see Table 1), but the SHAP analysis revealed that GPP
is more directly influenced by parameters related to Vemax than SIF. Verma et al. (2017b)
found that SIF provided very weak constrains on Vemax €stimates. Yang et al. (2018)
found a stronger relationship between SIF and APAR (R? = 0.82) than SIF and GPP (R?

= (.76). Therefore, the assimilation of SIF data, while improving both GPP and SIF
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simulations, had a more pronounced effect on GPP because it relies more heavily on
physiological processes that were well-represented and calibrated in our model by
previous studies (Ichii et al., 2013; Ito, 2008, 2019; Ito et al., 2005, 2005; Ito & Inatomi,
2012; Ito & Oikawa, 2002). Most ecosystem models, including the one used in this
study, are designed with the primary goal of accurately simulating GPP, so that the
model’s structure and parameterization are better optimized for GPP than for SIF. This
suggests that equating SIF and photosynthesis is an oversimplification that could
diminish the effectiveness of SIF as a biophysical parameter in GPP models. A more
accurate estimation of GPP may be achieved by integrating SIF or APAR with

additional environmental variables.

Interestingly, the parameters f and pcq showed significant changes when ground-
based SIF data were used for data assimilation, increasing by 80% and 353%,
respectively. These two parameters ranked first and second in SHAP analysis in terms
of their contribution to SIF simulations. However, when satellite-derived CSIF data
were used, the changes in these parameters were more modest, with fdecreasing by 20%
and pcq experiencing much smaller changes. This suggests that ground-based data may
provide higher precision and better inform the model about local optical and
physiological processes, leading to more significant parameter adjustments. The higher
resolution and precision of ground-based data enable the model to capture complex

canopy interactions more effectively, further supporting the advantages of ground-
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based SIF data for optimizing simulations at the site level. In contrast, satellite data,
while valuable for large-scale applications, may not drive parameter adjustments as

effectively due to its coarser resolution.

Both ground and satellite-based SIF observations are influenced by several factors,
including atmospheric conditions, sensor errors, and viewing angles. These sources of
uncertainty can propagate through the data assimilation process, potentially reducing
the accuracy of the SIF simulations. For example, the uncertainties in satellite-derived
CSIF data may result from the lower spatial resolution and more noises captured by
satellite sensors. This could partly explain the relatively smaller changes in key
parameters when CSIF data were used for optimization. In contrast, ground-based data,
being more localized and precise, could lead to more substantial parameter adjustments,
as seen in the optimization process. These uncertainties in SIF data may ultimately limit
the accuracy of SIF simulations compared to GPP, which is more reliant on internal
model representations of ecological processes and is less affected by external
measurement errors. However, the representativeness of in situ SIF data is limited due
to the small number of instrumented sites and their restricted coverage. The choice
between in situ and satellite data should depend on the context and objectives of the

research.
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IV-3 Temporal scale of SIF-GPP relationships

In this study, the aggregation of half-hourly data into daily and weekly time scales
revealed a clear trend of stronger linear correlations between SIF and GPP. This pattern
aligns with previous research (Damm et al., 2015; Yang et al., 2018; Zhang et al., 2016),
which suggests that at larger temporal scales, environmental noise and physiological
variability are smoothed out, allowing for a more direct comparison between these two
variables. Zhang et al. (2016) observed that the SIF-GPP relationship often exhibits
non-linear behavior at hourly time scales, particularly during the early part of the day
when light saturation and variations in photochemical quenching (PQ) and non-
photochemical quenching (NPQ) are most influential (Parazoo et al., 2020). Similarly,
Guetal. (2019), through the derivation of fundamental equations, explored the complex
dynamic relationship between SIF and photosynthesis, demonstrating that the
nonlinearity in the instantaneous SIF-GPP relationship arises from fundamental
differences in the light response behaviors of SIF and GPP. Additionally, Damm et al.
(2015) highlighted that the applicability of the SIF-GPP relationship varies significantly
across ecosystems, with the R? values ranging from 0.48 in temperate mixed forests to
0.59 in grasslands and 0.88 in croplands. These findings help explain the relatively
strong linear relationship observed between SIF and GPP, even at the half-hourly scale,
in the rice paddy analyzed in this study. Furthermore, Li et al. (2020) found the

relationship between SIF and Vemax in rice is dynamic throughout the growing season.
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Before flowering, the correlation between SIF and Vemax is relatively weak, but after
flowering, this correlation strengthens significantly, particularly between far-red SIF
(760 nm) and Vcmax. This dynamic is also evident at the half-hourly scale in this study,
as indicated by the higher R? values of SIF-GPP during Stages II and III compared to

Stage I.

These results suggest that while SIF can serve as a proxy for GPP at shorter time
scales, its reliability improves considerably when data are aggregated over longer
temporal periods. However, despite its potential as a robust tool for estimating GPP,
SIF's effectiveness varies significantly across ecosystems. Further research is needed to
better understand how canopy structure, photosynthetic efficiency, and temporal scale

influence the relationship between SIF and GPP.

IV-4 Limitations and future perspectives

While this study demonstrates the effectiveness of data assimilation techniques in
improving the simulation accuracy of both SIF and GPP, several limitations need to be
addressed. These limitations arise from the model's sensitivity to specific parameters,
some simplified calculation processes, and the inherent challenges in large-scale

ecological modeling.

As discussed in Section 4.1, the parameters most influential for SIF simulation are

not necessarily those most critical for GPP simulation. This discrepancy highlights the
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complex relationship between SIF and GPP resulting from the different physiological
processes of photosynthesis and chlorophyll fluorescence, and indicates the possible
non-linear SIF-GPP relationship. Future research could focus on more detailed
modeling of these biophysical processes, improving the model's sensitivity and

parameterization for both SIF and GPP.

As noted in Section 3.2.2, the model's performance is less robust under cloudy
conditions. This suggests that further refinement of the radiative transfer module is
necessary, particularly to improve the model's handling of diffuse radiation under
cloudy skies. It is also important to introduce parameterizations specific to different
growth stages and environmental conditions, which could better capture the variability
in SIF and GPP across seasons. Integrating machine learning techniques alongside
process-based modeling could further enhance parameter tuning and model

performance.

Additionally, as discussed in Section 3.1 and 3.2, the model's performance in
simulating SIF during the stage II was concerning, and I think it may be that VISIT has
systematic errors in simulations with large SIF fluctuations and large SIF values, a
similar challenge encountered in other SIF simulation studies (Norton et al., 2019). The
underestimation of strong SIF values by the model may be due to the lack of precision

in the estimation of key physiological parameters such as photosynthetic efficiency and
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chlorophyll content. These parameters need to be further optimized in future studies,

especially when modeling ecosystems with significant seasonal variation.

In the VISIT model, I introduced r (the fraction of SIF at 760 nm) and two look-
up tables 7,,/s, (equation(13)) and 7shagessun (e€quation(14)) from SCOPE to
simplify the calculation. Although this approach is effective in simplifying the
calculation, this approximation may introduce some errors, especially in scenarios with
complex vegetation structure and optical properties. For r, future improvements can
try a more refined parametric model that directly simulates the nonlinear relationship
between Cap and 7 to further improve the accuracy of the model. In addition, I used
the two look-up tables to simplify the simulation of the SIF emission of shaded leaves.
This simplified treatment may not be sufficiently accurate under some complex
observational geometries, especially when solar radiation intensity or vegetation
structure is highly heterogeneous. Future studies could consider using more complex
geometric models or integrating real-time optical measurements to improve the

accuracy of geometric coefficient calculations.

The study was conducted in a specific rice paddy ecosystem, which may limit the
generalizability of the findings to other vegetation types. Future research should test the
optimized VISIT-SIF model in different ecosystems with varied canopy structures and

environmental conditions to assess its broader applicability.
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V. Conclusions
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In this study, SHAP analysis revealed the key parameters driving the model's
performance. Nitrogen-related parameters were identified as crucial for GPP
simulations, while radiative transfer parameters played a significant role in SIF
modeling. This analysis highlighted the model's sensitivity to specific physiological and
environmental processes, providing deeper insights into the factors influencing GPP
and SIF dynamics. Then, I applied data assimilation of both ground-measured SIF and
satellite SIF data (CSIF) to improve the GPP simulation accuracy in a process-based
VISIT model for a rice paddy. By incorporating ground-measured, the optimized model
demonstrated significant improvements in simulating GPP, across whole growing
season and different growth stages and at both half-hourly and daily scales. The model's
ability to capture diurnal and seasonal variations was markedly enhanced, with
improved performance during critical growth phases such as the early, mid, and late
growth periods. Although the model optimized by CSIF was not as good as the results
from the site-observed data optimization, the results are still promising, suggesting that
satellite-derived data can serve as a valuable substitute for ground-based data in regions
where in-situ measurements are unavailable. Further, I performed an analysis of the
SIF-GPP relationship on half-hourly scale, daily scale, and weekly scale and found that

the larger the time scale, the stronger the linear relationship of SIF-GPP.

Despite the improvements achieved through data assimilation, challenges still

persist in fully capturing the variability of SIF and GPP in simulations, particularly
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under changing environmental conditions, such as cloudy weather. Additionally, while
the model performed well in capturing general trends, some biases were introduced,
notably in the overestimation of SIF in certain growth stages. Future studies should aim
to refine the parameterization of the model, incorporate higher-resolution satellite data,
and further explore the integration of local and global datasets to improve model

robustness and applicability on larger spatial scal
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