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Key Points:15

(1) We developed a SIF-based qL function to improve the simulation of qL, and then to16

enhance the performance of a SIF-based GPP model.17

(2) Tower-based datasets collected from 16 sites were used to evaluate model performance.18

(3) Results showed that the improved SIF-based GPP model significantly reduced biases19

in GPP estimation.20

21

Abstract: Sun-induced chlorophyll fluorescence (SIF) offers a promising path to quantify gross22

primary productivity (GPP) across spatiotemporal scales. Recent studies have demonstrated the23

applicability of the SIF-based mechanistic light response (qMLR-SIF) model for estimating24

canopy GPP. However, the inadequate simulation of the key parameter qL (the fraction of open25

photosystem II reaction centers) restricts the applicability of the qMLR-SIF model. Therefore,26

we developed a SIF-based qL function to improve the simulation of qL, and thereby to enhance27

the performance of the qMLR-SIF model. Tower-based datasets collected from 16 sites were28

utilized to evaluate the improved qMLR-SIF model. Multi-site validation indicated that the29

improved qMLR-SIF model enhanced the accuracy of canopy GPP estimation for different30

plant functional types, photosynthetic pathways, and temporal scales. In particular, the31

improved qMLR-SIF model significantly reduced the underestimation and overestimation of32

GPP (y-slope = 0.94 to 1.05; y-intercept = -0.94 to 0.74 μmol CO2 m-2 s-1). Threshold analysis33

showed that environmental stresses decreased model performance, while even in this situation,34
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the improved qMLR-SIF model still outperformed the original model (except for the boreal35

evergreen needleleaf forests). The advantages of the SIF-based qL function stem from the36

mechanistic link between SIF and qL and several unique features of SIF. Our findings37

demonstrate the enhanced applicability of the improved qMLR-SIF model, highlighting its38

potential for estimating photosynthesis at regional and global scales.39

Keywords: Sun-induced chlorophyll fluorescence (SIF); Gross primary productivity (GPP);40

Fraction of open photosystem II reaction centers (qL); SIF-based mechanistic light response41

(MLR-SIF) model; Canopy photosynthesis42

43

1. Introduction44

Photosynthesis is a complex biophysical and biochemical process by which plants convert45

sunlight energy into stable chemical energy (Han et al., 2022b). This process covers three46

different stages of reactions: photophysical reactions, photochemical reactions, and47

biochemical reactions (Kamen, 1963; Sun et al., 2023a). Photophysical reactions involve48

sunlight harvesting and partitioning of excitation energy into photochemistry, thermal49

dissipation (including constitutive thermal dissipation and regulated thermal dissipation), and50

sun-induced chlorophyll fluorescence (SIF) emission (Porcar-Castell et al., 2014; Gu et al.,51

2019; Mohammed et al., 2019; Porcar-Castell et al., 2021). Photochemical reactions, as a bridge52

between the other two kinds of reactions, refer to electron transport from photosystem II (PSII)53

to photosystem I (PSI) as well as the generation of NADPH (nicotinamide adenine dinucleotide54

phosphate) and ATP (adenosine triphosphate), two key products subsequently used in55

biochemical reactions. Biochemical reactions, also known as dark reactions, relate to CO256

fixation in the Calvin-Benson cycle (Sun et al., 2023a). These three stages, which are57

organically coordinated and give feedback to each other, form a remarkable and highly efficient58

energy conversion system.59

SIF, produced in the photophysical reactions of photosynthesis, is an optical signal emitted60

from chlorophyll a molecules in plant leaves, with spectral range from 650 to 850 nm (Gu et61

al., 2019; Porcar-Castell et al., 2021). Since SIF emission competes for absorbed62

PhotosyntheticallyActive Radiation (PAR) with photochemistry and thermal dissipation (Baker,63

2008; Murchie and Lawson, 2013; Gu et al., 2019; Magney et al., 2019b; Porcar-Castell et al.,64

2021), the variation of SIF can reflect the dynamics of the other two processes (Murchie and65

Lawson, 2013; Sun et al., 2023a), and thus is deeply coupled with photosynthesis at the plant66

molecular level. The origin of SIF and its mechanistic link with photosynthesis endow SIF with67

several unique features: 1) SIF is an integrated indicator that contains rich information about68
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plant physiology status and responses of plants to environmental factors (Gu et al., 2019; Han69

et al., 2022a; Sun et al., 2023a); 2) SIF is a timely-response variable and can rapidly reflect70

changes in plant physiology status (Baker, 2008), which is quite different from traditional71

vegetation indices, such as the normalized difference vegetation index (NDVI), the near-72

infrared reflectance for vegetation (NIRv), and the photochemical reflectance index (PRI)73

(Magney et al., 2019b; Pierrat et al., 2022b); 3) SIF is an internal variable of the leaf74

photosynthetic system and thus carries information about carbon fixation, which differs from75

environmental drivers (external variables), such as PAR, air temperature (Ta) and vapor pressure76

deficit (VPD) (Liu et al., 2024a). Owing to these unique features, SIF exhibits great potential77

in a wide range of applications (Mohammed et al., 2019; Porcar-Castell et al., 2021; Sun et al.,78

2023b), such as photosynthesis estimation (Gu et al., 2019; Han et al., 2022a; Liu et al., 2022),79

drought detection (Qiu et al., 2022; Wang et al., 2023; Behera et al., 2025), phenology80

evaluation (Merrick et al., 2023; Shi et al., 2025), and transpiration simulation (Shan et al., 2021;81

Beauclaire et al., 2024).82

Rapid advances in remote sensing techniques and SIF retrieval methods have greatly83

promoted various SIF applications (Meroni et al., 2009; Frankenberg and Berry, 2018;84

Cendrero-Mateo et al., 2019; Mohammed et al., 2019; Porcar-Castell et al., 2021; Sun et al.,85

2023b), especially the estimation of gross primary productivity (GPP) from SIF. This is because:86

1) GPP, as a crucial indicator for understanding the global carbon cycle (Pei et al., 2022), cannot87

be directly measured at scales above the leaf level (Welp et al., 2011); 2) the accurate prediction88

of GPP across spatiotemporal scales is a long-standing challenge (Gu et al., 2019); 3) the89

mechanistic link between SIF and CO2 fixation at the plant molecular level makes SIF90

extremely promising to accurately quantify GPP at multiple spatiotemporal scales (Porcar-91

Castell et al., 2021). Recent studies have demonstrated the strong correlation between SIF and92

GPP across biomes (Yang et al., 2015; Liu et al., 2017; Magney et al., 2019b; Dechant et al.,93

2020; Pierrat et al., 2022b;Wu et al., 2022a) and spatiotemporal scales (Yang et al., 2017; Zhang94

et al., 2018; He et al., 2020; Yang et al., 2023). Currently, SIF-based GPP models can be95

primarily classified into three classes: empirical models (Damm et al., 2015; Liu et al., 2019b;96

Liu et al., 2021; Pierrat et al., 2022b), hybrid models (Koffi et al., 2015; Bacour et al., 2019),97

and SIF-based mechanistic light response (MLR-SIF) models (Gu et al., 2019; Han et al., 2022a;98

Liu et al., 2022; Beauclaire et al., 2024; Chen et al., 2024b; Guo et al., 2024; Liu et al., 2024a;99

Liu et al., 2024b). The empirical models rely on a strong linear or non-linear correlation100

between SIF and GPP, assuming that this correlation remains invariant across different101

conditions. This approach is simple but lacks wide applicability, because the assumption of102
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invariable SIF-GPP relationships may be invalid under some circumstances, such as across103

plant functional types (PFTs) (Liu et al., 2024a), photosynthetic pathways (Liu et al., 2017; He104

et al., 2020), temporal scales (Magney et al., 2019b; Li et al., 2020; Pierrat et al., 2022b), and105

even plant growth stages (Yang et al., 2018a; Li et al., 2020; Miao et al., 2020). The hybrid106

models combine data assimilation methods with terrestrial biosphere models (TBMs) to107

constrain the outputs and parameters of TBMs (Anav et al., 2015; Koffi et al., 2015; Norton et108

al., 2019). By assimilating SIF data into TBMs, hybrid models can improve the estimation of109

GPP (Norton et al., 2019). However, hybrid models contain numerous parameters and require110

a substantial amount of input data. Furthermore, large uncertainties and disagreements have111

been identified among different TBMs (Beer et al., 2010; Keenan et al., 2012;Anav et al., 2015),112

which may also be present in the hybrid models. The MLR-SIF models, as the state-of-the-art113

SIF-based GPPmodels, are based on the mechanistic link between SIF and photosynthesis (Gu114

et al., 2019; Han et al., 2022a). This type of model offers a novel way to infer GPP grounded in115

a rigorous theoretical basis of plant physiology and with fewer parameters than the hybrid116

models. The MLR-SIF models refer to two key chlorophyll fluorescence variables, i.e., the117

fraction of open PSII reaction centers based on the lake model (qL) and the non-photochemical118

quenching (NPQ). qL reflects the redox state of the primary quinone electron acceptor of PSII119

(QA). Higher qL corresponds to more open (QA is oxidized) PSII reaction centers (Baker, 2008),120

and hence, means higher efficiency of photochemistry. NPQ indicates the degree of regulated121

thermal dissipation in PSII. HigherNPQmeans that more excitation energy is dissipated as heat,122

and therefore, less energy is available for photochemistry and SIF emission due to energy123

conservation (Sun et al., 2023a). Compared to qL, NPQ involves several complex124

photoprotective mechanisms (NPQ, not italic) operating at different timescales (e.g., energy-125

dependent type, state-transition type, and photoinhibition type) (Muller et al., 2001; Baker,126

2008), which makes it rather difficult to be modeled (Zaks et al., 2012). Note that NPQ refers127

to several regulated thermal dissipation mechanisms, while NPQ is a fluorescence parameter to128

quantify the degree of NPQ (Porcar-Castell et al., 2014). Since either qL or NPQ is required to129

calculate GPP (Han et al., 2022a), the MLR-SIF model containing qL is referred to as the qL-130

type (qMLR-SIF) model, and that containing NPQ as the NPQ-type (nMLR-SIF) model (Liu131

et al., 2024a). These two types of models are mechanistically equivalent, but the qMLR-SIF132

model has a simpler structure and requires fewer parameters, thereby having greater potential133

for large-scale applications (Han et al., 2022a; Liu et al., 2022).134

In recent years, several studies have applied the qMLR-SIF model to quantify canopy GPP135

in a variety of terrestrial ecosystems, such as crops (CRO) (Beauclaire et al., 2024; Guo et al.,136
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2024), evergreen needleleaf forests (ENF) (Chen et al., 2024b) and deciduous broadleaf forests137

(DBF) (Liu et al., 2024a), demonstrating the wide applicability of the qMLR-SIF model in138

estimating GPP at the canopy scale. However, due to limited studies of qL (Gu et al., 2019), the139

estimation of this key variable in the qMLR-SIF model only considers light effects (qL is140

expressed as an exponential function of PAR, namely, qL_PAR function) (Han et al., 2022a),141

which may lead to underestimation and/or overestimation of GPP (Liu et al., 2024a). Research142

has shown that PAR dominates qL variations (Baker, 2008; Gu et al., 2019; Han et al., 2022a),143

but other factors (e.g., Ta, CO2 concentration, and drought stress) may also affect qL under144

specific scenarios (Kramer et al., 2004; Baker, 2008; Shin et al., 2021; Han et al., 2022a; Han145

et al., 2022b). For example, when light intensity is sufficient, decreased CO2 supply may reduce146

NADPH and ATP demands in the dark reactions (Baker, 2008; Gu et al., 2019), thus leading to147

a decrease in the linear electron transport rate from PSII to PSI. This, in turn, causes a reduction148

in the amount of oxidized QA in PSII and eventually results in a decrease in qL (see Fig. 2 in149

Kramer et al., 2004). Therefore, in order to improve the accuracy of the qMLR-SIF model, it is150

essential to consider other possible effects on qL during the qL simulation. Besides, existing151

relevant research primarily focuses on individual study sites with single PFTs, whereas152

comprehensive multi-site analysis is relatively sparse.153

Given the fact that qL decreases as SIF increases and the qL-SIF curve pattern is similar to154

the qL-PAR curve pattern across species (see qL-SIF curves in Fig. S7c and qL-PAR curves in155

Fig. S6a in Han et al., 2022a), we hypothesized that qL could also be expressed as an exponential156

function of SIF, similar to that of PAR. Given the facts that 1) SIF is an integrated indicator and157

an internal variable of photosynthetic systems, which contains information not only about PAR158

effects on plants but also about plant physiology status and other effects (such as Ta, VPD) on159

plants (thus on qL) (Sun et al., 2023a); 2) SIF is a timely-response variable which can rapidly160

reflect the changes of plant physiology (Baker, 2008), we further assumed that the SIF-based161

qL function would more accurately estimate qL, thereby improving the performance of the162

qMLR-SIF model. Based on the above hypothesis, this study aims to develop a SIF-based qL163

(qL_SIF) function to improve the simulation of qL, and then to enhance the performance of the164

qMLR-SIF model in quantifying canopy GPP. To achieve this, we:165

(1) established a dataset containing 16 study sites (mainly including far-red SIF, GPP, and166

key environmental variables) by collecting canopy-scale data from open sources and published167

articles;168

(2) utilized this dataset to explore and develop a qL_SIF function with the help of the qMLR-169

SIF model at the canopy scale;170
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(3) evaluated the performance of the improved qMLR-SIF model by comparing it with the171

original qMLR-SIF model across different PFTs (CRO, DBF, and ENF), photosynthetic172

pathways (C3 and C4), and temporal scales (half-hourly, daily, 4-day, and 8-day).173

Note that, for convenience, we termed the qMLR-SIF model as qL_PAR model when qL was174

estimated by the conventional qL_PAR function, and as qL_SIF model when qL was estimated by175

the novel qL_SIF function developed in this study. These two names (qL_PAR model and qL_SIF176

model) are only meaningful in the context of this study.177

178

2. Materials and Methods179

2.1 Datasets establishment180

2.1.1 Data collection181

Canopy-level data containing tower-based top of canopy far-red SIF (SIFTOC_760), GPP and182

other crucial variables (such as PAR, Ta and VPD), were collected from open data sources and183

published studies. These data came from 16 study sites and included three PFTs (10 CROs, 2184

DBFs, and 4 ENFs), as well as two temporal resolutions (half-hourly at 8 sites and daily at the185

other 8 sites). Among the 16 study sites (Table 1), data from Butterfield et al. (2023) as well as186

Wu et al. (2023) lacked eddy-covariance (EC) fluxes and environmental variables; thus, they187

were downloaded from the AmeriFlux website (https://ameriflux.lbl.gov/sites/site-search/).188

Data from Tang (2017) were also lacking in EC fluxes and meteorological factors, which were189

downloaded from the Harvard Forest website (https://harvardforest.fas.harvard.edu/data-190

archives). Data from Magney and Frankenberg (2019) did not have Ta, hence we used Ta data191

downloaded from the National Centers for Environmental Information website192

(https://www.ncei.noaa.gov/cdo-web/). The remaining data from 11 sites contained all the key193

variables (SIFTOC_760, GPP, PAR, Ta, and VPD). Basic information about all study sites and194

datasets is summarized in Table 1. Workflow of data collection and post-processing, data195

analysis, and GPP estimation conducted in this study is shown in Fig. 1. Tower-based196

observations and post-processing steps of the collected data are detailed in the following197

sections.198

199

https://ameriflux.lbl.gov/sites/site-search/
https://harvardforest.fas.harvard.edu/data-archives
https://harvardforest.fas.harvard.edu/data-archives
https://www.ncei.noaa.gov/cdo-web/
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Table 1 Basic information about the 16 study sites, datasets and SIF observations.200

PFTs Site ID
Latitude

(°)

Longitude

(°)
C3/C4

MAT

(℃)

MAP

(mm)
Data years

Spectromet

er

SIF retrieval

method

NEE

partition
Reference

Temperate

DBF
US-Ha1 42.54 -72.17 C3 6.6 1071 2013*, 2014 HR2000+ FLD NT

(Yang et al., 2015; Tang,

2017; Wu et al., 2022b)

US-UMB 45.56 -84.71 C3 5.8 803 (2018, 2019)* QE Pro FLD DT (Butterfield et al., 2023)

Temperate

ENF
US-Nr1 40.03 -105.55 C3 1.5 800 (2017, 2018)* QE Pro DOAS NT

(Magney et al., 2019b;

Cheng et al., 2020b)

TCK e 37.30 127.32 C3 11.5 1299 2018 QE Pro SVD NT (Kim et al., 2021)

Boreal

ENF
SOBS 53.98 -105.12 C3 1.4 406 (2019, 2020, 2021)* QE Pro FLD DT

(Pierrat et al., 2022b;

Pierrat et al., 2022c)

DEJU 63.88 -145.75 C3 -3.0 300 (2019, 2020, 2021)* QE Pro FLD DT (Pierrat et al., 2022c)

CRO DaMan e 38.86 100.37 C4 8.0 300 2017, 2018 QE65 Pro 3FLD NT (Chen et al., 2020)

UIUC e 40.06 -88.20 C4 11.3 928 2018 QE Pro iFLD DT (Wu et al., 2022a)

ZhaoXian e 37.77 114.82 C3 12.5 472 2018 QE Pro 3FLD NT (Ma et al., 2022)

US-Br3 41.97 -93.69 C3 8.9 847 2017 QE Pro DOAS NT
(Magney and

Frankenberg, 2019)

INRA e 43.92 4.88 C3 —— —— 2010 HR2000+ nFLD DT (Goulas et al., 2017)

US-Ne3 41.18 -96.44 C4 / C3 10.1 784 (2017, 2018)* QE Pro SFM NT (Wu et al., 2023)

US-Ne2 41.16 -96.47 C4 / C3 10.1 789 (2017, 2018)* QE Pro SFM NT (Wu et al., 2023)

YangLing 34.28 108.07 C3 12.9 630 (2021, 2022)* QE Pro SVD DT
(Liu et al., 2022; Liu et

al., 2024b)

ShangQiu 34.52 115.59 C4 13.9 708 2017, 2018, 2019 QE Pro SFM NT (Wu et al., 2022b)

JuRong 31.81 119.22 C3 15.2 1058.8 2016 QE Pro SFM NT (Wu et al., 2022b)

PFT: plant functional type; MAT: mean annual temperature; MAP: mean annual precipitation; DOY: day of year; NEE: net ecosystem CO2 exchange; NT: nighttime method; DT: daytime method201
DBF: deciduous broadleaf forest; ENF: evergreen needleleaf forest; CRO: crop202
e: means data of this study site was extracted from figures in the corresponding article. Study site without the mark ‘e’ means its data was downloaded from open sources in the corresponding203
reference.204
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*: means the minimum temporal resolution of data is half-hourly, and the others are daily.205
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206

2.1.2 Ground-based SIF observations and retrievals207

The ground-based SIF observation system, which is mostly mounted on towers above plant208

canopies, mainly consists of a narrowband spectrometer (such as the QE Pro) for SIF retrievals209

and a broadband spectrometer (such as the HR2000+ and Flame) for calculating vegetation210

indices (e.g., NDVI, NIRv and PRI) (Grossmann et al., 2018; Liu et al., 2022; Wu et al., 2022b;211

Tommervik et al., 2023; Chen et al., 2024a). The narrowband spectrometer has a high spectral212

resolution (~ 0.1 - 0.4 nm) (Liu et al., 2022; Wu et al., 2022b; Chen et al., 2024a) and covers213

the spectral range of red and/or far-red regions (Butterfield et al., 2023). The broadband214

spectrometer, with a relatively low spectral resolution (~ 1 - 2 nm) (Grossmann et al., 2018; Wu215

et al., 2022b; Tommervik et al., 2023), includes the full range of visible and near-infrared216

regions. Every spectrometer contains at least two channels. One channel collects the217

downwelling irradiance using an upward fiber which is equipped with a cosine corrector. The218

other channel is connected to a downward bare fiber with a specific field of view, e.g., 25°219

(Yang et al., 2018b; Liu et al., 2022). To avoid dark current drifts and spectral shifts, both220

spectrometers are situated in a box where the temperature is controlled to an appropriate range,221

such as around 25 ℃ (Liu et al., 2022; Beauclaire et al., 2024). The high-resolution222

spectrometer for SIF retrievals is the central part of the SIF observation system. In this study,223

most of the 16 study sites were equipped with the advanced QE Pro spectrometer (Table 1).224

The retrieval of SIF relies on the spectral properties of incoming sunlight and the additive225

contribution of SIF to the total reflected radiance at the top of canopy (Mohammed et al., 2019;226

Porcar-Castell et al., 2021). SIF retrieval approaches involved in this study (Table 1) include227

the FLD-based (Fraunhofer line depth) method, spectral fitting method (SFM), singular vector228

decomposition (SVD), and differential optical absorption spectroscopy (DOAS). Detailed229

introductions to these approaches can be found in the previous reviews (Meroni et al., 2009;230

Cendrero-Mateo et al., 2019; Chang et al., 2020), along with the corresponding references in231

Table 1. To match the EC data, the retrieved SIF values are usually averaged to the half-hourly232

temporal resolution (Yang et al., 2015; Magney et al., 2019b; Liu et al., 2022).233

234

2.1.3 EC flux and meteorological measurements235

The EC system, as a standard approach for measuring ecosystem CO2 exchange, is236

commonly installed on towers above the top of the canopy. This system primarily contains an237

open-path or closed-path infrared gas analyzer for recording CO2 and H2O concentration and a238

three-dimensional sonic anemometer for monitoring wind speed and wind direction (Miao et239



10

al., 2020; Kim et al., 2021; Ma et al., 2022; Pierrat et al., 2022b; Wu et al., 2022a). The raw240

flux data, collected at a frequency of 10 Hz, are converted into half-hourly net ecosystem241

exchange (NEE) of CO2 using the EddyPro software (LI-COR Inc.). Then, the nighttime242

method (Reichstein et al., 2005) or the daytime method (Lasslop et al., 2010) is used to partition243

NEE into GPP and ecosystem respiration. Among the 16 study sites, ten of them utilized the244

nighttime method and the other six sites chose the daytime method (Table 1). Besides the flux245

measurements, the towers are also instrumented with meteorological sensors to observe246

environmental variables, such as PAR (μmol photons m-2 s-1), Ta (℃) and relative humidity247

(RH, %) (Kim et al., 2021; Liu et al., 2022). More information about the EC flux systems and248

environmental observations can be found in the related references in Table 1.249

250

2.1.4 Data post-processing251

Post-processing of the collected data primarily includes three steps:252

(1) Standardize the names of key variables. Since the same variable had different names253

in the original data files from different study sites, we firstly unified the names of key variables254

to facilitate subsequent analysis.255

(2) Remove outliers. The performance of three commonly used methods for dropping256

outliers (including the interquartile range (IQR) method, the standard deviation (SD) method257

and the median absolute deviation (MAD) method) were pretested. We found that, sometimes,258

the SD and MAD methods either dropped normal values or could not identify abnormal values.259

In contrast, the IQR method demonstrated the best overall performance. Hence, we chose the260

IQR method combined with reasonable physical boundaries (SIFTOC_760, GPP, PAR, VPD, fPAR261

(the fraction of absorbed PAR), NIRv > 0; fPAR, NIRv < 1) to eliminate outliers.262

(3) Gap filling, temporal resolution conversion and basic information addition.We utilized263

linear interpolation to fill gaps that were only surrounded by valid values and no more than two264

values apart (to avoid overinterpolation). Then, the half-hourly data were converted into data265

with daily, 4-day, and 8-day temporal resolution, respectively. Additionally, basic information266

for each study site was included in the data files.267

Among the 16 study sites, data from 8 sites (US-Ha1, US-UMB, US-Nr1, SOBS, DEJU,268

US-Ne2, US-Ne3, and YangLing) were in half-hourly temporal resolution and the remaining269

data from 8 sites (TCK, DaMan, UIUC, ZhaoXian, US-Br3, INRA, ShangQiu, and JuRong)270

were in daily temporal resolution (Table 1). After the temporal resolution conversion, we finally271

obtained half-hourly data from 8 sites as well as daily/ 4-day/ 8-day data from all 16 study sites.272

Note that although possible inconsistencies across in-situ SIF datasets may decrease model273



11

accuracy, they have limited influence on conclusions drawn in this study. On the one hand, this274

study aims to evaluate the degree of improvement in the qL_SIF model by comparing it with the275

qL_PAR model. Since the qL function (qL_SIF or qL_PAR) is the only difference between the two276

models, the better overall performance of the qL_SIF model (Fig. 4) suggests the superiority of277

the qL_SIF function and the limited influence of the possible inconsistencies across in-situ SIF278

datasets. On the other hand, to minimize data inconsistencies, only canopy data containing far-279

red SIF were used; data with red SIF were excluded.280

281

282
Fig. 1. Workflow diagram of data collection and post-processing, data analysis and GPP283

estimation in this study. SIFTOC_760: top-of-canopy SIF at 760 nm; GPP: gross primary284

productivity; PAR: photosynthetically active radiation; Ta: air temperature; VPD: vapor285

pressure deficit; PFTs: plant functional types; CRO: crop; DBF: deciduous broadleaf forest;286

ENF: evergreen needleleaf forest; Γ*: the CO2 compensation point without dark respiration; Ci:287

the intercellular CO2 partial pressure; ΦPSIImax: the maximum photochemical quantum yield of288

photosystem II; SIFTotal_Full_PSII: the total full band SIF emitted by photosystem II; qL: the fraction289

of open photosystem II reaction centers; aqL_SIF, bqL_SIF: two fitted parameters in the qL_SIF290

function; aqL_PAR, bqL_PAR: two fitted parameters in the qL_PAR function.291

292

2.2 qMLR-SIF model293

Based on the following three assumptions: 1) nearly all electrons from PSII are used to294

either CO2 fixation or photorespiration (Sun et al., 2023a); 2) the light-carbon reactions are295
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balanced perfectly (Gu et al., 2019; Han et al., 2022a); 3) the regeneration of RuBP (ribulose296

1,5-biphosphate carboxylase-oxygenase) is primarily limited by insufficient NADPH supply297

(Gu and Sun, 2014), the fundamental equations, from the perspective of the light reactions, to298

estimate GPP for C3 and C4 species can be expressed as (Gu et al., 2019):299

GPP =
�c−�∗

4�c+8�∗
× �a , C3

1−�
3 × �a , C4

(1)300

where �c is the CO2 partial pressure of chloroplast (μbar). �∗ is the CO2 compensation301

point without dark respiration (μbar) (Farquhar et al., 1980). � is the fraction of total electron302

transport of bundle sheath and mesophyll cells allocated to mesophyll cells, which is commonly303

assumed to be 0.4 (von Caemmerer, 2000; von Caemmerer, 2021; Liu et al., 2022). �a is the304

actual electron transport rate from PSII to PSI (μmol e- m-2 s-1).305

306

2.2.1 Estimation of �� and �∗307

�c is approximately equal to the intercellular CO2 partial pressure (�i, μbar) by assuming308

infinite mesophyll conductance for CO2. Based on the least-cost hypothesis that plants309

minimize the total unit costs of carboxylation and transpiration (Prentice et al., 2014), �i can310

be estimated by the following equations:311

�i = ��a (2)312

� = �∗

�a
+ 1− �∗

�a
× �
�+ VPD

, with � = � �+�∗

1.6�∗ (3)313

where �a is the atmospheric CO2 partial pressure (μbar) and 400 μbar is taken as the current314

�a (Van Diepen et al., 2022). The constant � is 356.51 (Keenan et al., 2016; Yuan et al.,315

2019). The water viscosity (�∗) is a function of �a (℃) (Korson et al., 1969). �∗ can be316

calculated by the following function (Katul et al., 2010):317

�∗ = 36.9 + 1.18 × �a − 25 +0.036 × (�a − 25)2 (4)318

� in Eq. (3) is the Michaelis-Menten coefficient of Rubisco and can be estimated (Yuan319

et al., 2019) by320

� =�c 1 + �
�o

(5)321

�c = 39.97 × ���
79.43×(�a−25)

298.15×8.314×(�a+273.15) (6)322

�o = 27480 × ���
36.38×(�a−25)

298.15×8.314×(�a+273.15) (7)323

where �o (mbar) and �c (μbar) are Michaelis-Menten constants for RuBP oxygenation and324

RuBP carboxylation, respectively; � is the O2 partial pressure of chloroplast and is assumed325
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to be 210 mbar (Farquhar et al., 1980).326

327

2.2.2 Estimation of ��328

The power and simplicity of the qMLR-SIF model are due to the facts that 1) the qMLR-329

SIF model estimates GPP based on �a rather than the potential electron transport; 2) �a can330

be directly estimated from SIF and relevant fluorescence variables (Gu et al., 2019; Han et al.,331

2022a). Eq. (1) shows that GPP can be estimated immediately once �a is known. In the332

qMLR-SIF model, �a is calculated (Gu et al., 2019) by333

�a = �L ×
ΦPSIImax 1+�DF
1−ΦPSIImax

× SIFTotal_Full_PSII (8)334

where �DF = �D �F, �D and �F are the rate constants of constitutive heat dissipation and335

fluorescence emission, respectively. Since �D and �F relate to intrinsic physical properties336

of chlorophyll molecules, they are often treated as constants (Zaks et al., 2012; Gu et al., 2019).337

Hence, �DF is invariable and assumed to be 9 (Liu et al., 2022). SIFTotal_Full_PSII is the338

total full band SIF emitted from PSII (μmol photons m-2 s-1).339

ΦPSIImax is the maximum photochemical quantum yield of PSII, which is invariant across340

species under unstressed conditions (Baker, 2008; Gu et al., 2019) and is often assumed to be341

constant (~ 0.83) in estimating GPP (Liu et al., 2022; Guo et al., 2024; Liu et al., 2024b).342

However, environmental stresses (such as high light, high or low �a) may cause a decrease in343

ΦPSIImax (Gu et al., 2019; Magney et al., 2019b; Chen et al., 2024b). The study of Chen et al.344

(2024b) suggested that �a significantly affected seasonal variations of ΦPSIImax in the345

ENFs. By simulating ΦPSIImax with a quadratic function of �a , their study effectively346

improved the accuracy of GPP estimation. Therefore, in this study, a piecewise function of �a347

(Eq. (9)), which was derived from the results of Chen et al. (2024b) (see Fig. S2 in their study),348

was adopted to estimate ΦPSIImax. Note that 0.73 (0.23) in Eq. (9) is approximately the upper349

(lower) bound of the ΦPSIImax in Chen et al. (2024b). We hypothesized that this temperature350

function of ΦPSIImax was suitable not only for ENF but also for CRO and DBF (the feasibility351

of this hypothesis was verified, see details in Section 3.2). Thus, ΦPSIImax is estimated by352

ΦPSIImax =
0.23, �a ≤ − 5

0.44+ 0.036�a − 0.0011�a2, − 5 < �a < 15
0.73, �a ≥ 15

(9)353

�L represents the fraction of the open PSII reaction centers. As one of the key354

fluorescence variables in the qMLR-SIF model, it is often simulated using the �L_PAR355

function developed by Han et al. (2022a), that is356
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�L_PAR = ��L_PAR × ���
−��L_PAR×PAR (10)357

where 0 < ��L_PAR < 1 , ��L_PAR > 0 . As mentioned in the Introduction, this �L_PAR358

function only considers the effects of PAR on �L, which may lead to biases in GPP estimation.359

Therefore, we developed a new function to predict �L based on the hypothesis posed in the360

end of the Introduction. This new function is expressed as361

�L_SIF = ��L_SIF × ���
−��L_SIF× SIF (11)362

where 0 < ��L_SIF < 1, ��L_SIF > 0. SIF in Eq. (11) comes from prior tests. Initially, we363

used Eq. (10) with PAR replaced by SIF to simulate �L. Results showed that biases in modeled364

GPP were significantly reduced, with linear fits of measured vs. modeled GPP yielding slopes365

closer to 1 and intercepts closer to 0. However, the estimated GPP was saturated at high-GPP366

levels due to excessively rapid decline in simulated �L at high SIF. Hence, we used Eq. (10)367

with PAR replaced by SIF to simulate �L . � SIF, where c is a fitted parameter, was also368

tested for simulating �L . We found that both SIF and � SIF further improved GPP369

estimation, but their difference was minor. For simplicity, we finally adopted SIF, thereby370

using Eq. (11) to simulate �L.371

372

2.2.3 Estimation of ��������_����_����373

Three steps (canopy to PSII downscaling, PSII contribution separation and full band374

reconstruction) are required to convert SIFTOC_760 (the top of canopy far-red SIF, μmol375

photons m-2 s-1 nm-1) to SIFTotal_Full_PSII (the total full band SIF emitted by PSII, μmol376

photons m-2 s-1) using the following equations (Liu et al., 2022):377

SIFTotal_760 =
SIFTOC_760
�esc_P−C

(12)378

SIFTotal_760_PSII = SIFTotal_760 × �PSII (13)379

SIFTotal_Full_PSII = SIFTotal_760_PSII × �=650
850 �c �� (14)380

where SIFTotal_760 is the total narrow band SIF at 760 nm emitted from PSI and PSII (μmol381

photons m-2 s-1 nm-1). �PSII (%) is the fraction of SIFTotal_760 emitted by PSII, which is382

nearly constant for most of the growing season (Liu et al., 2022; Guo et al., 2024). According383

to Chen et al. (2024b), �PSII can be assumed to be 0.6676 for SIFTOC_760 .384

SIFTotal_760_PSII is the total single band SIF at 760 nm emitted from PSII (μmol photons m-2385

s-1 nm-1). �c � is a conversion factor used to calculate SIF at � nm by SIF at 760 nm, which386
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is invariable for the specific wavelength (Liu et al., 2022). Thus, SIFTotal_Full_PSII is387

proportional to SIFTotal_760_PSII according to Eq. (14). For simplicity, we assumed that388

SIFTotal_760_PSII is sufficient to accurately infer canopy GPP. Therefore, SIFTotal_760_PSII389

is utilized to calculate �a in Eq. (8) (Feng et al., 2021).390

�esc_P−C is the fraction of SIF photons (at 760 nm) escaping from the photosystem level391

to the canopy level, which can be simulated (Liu et al., 2020; Liu et al., 2022) by392

�esc_P−C = �esc_P−L × �esc_L−C (15)393

where �esc_P−L and �esc_L−C are the escape ratio of SIF photons from photosystems to leaf394

surface and that of SIF photons from leaf surface to canopy level, respectively. �esc_P−L395

approximately equals the leaf albedo which is nearly invariant (~ 0.9) in the near-infrared (NIR)396

region (Liu et al., 2019a; Liu et al., 2020; Liu et al., 2022; Guo et al., 2024). �esc_L−C in the397

NIR region can be estimated (Zeng et al., 2019) by398

�esc_L−C =
NIRv
�PAR (16)399

Yang and van der Tol (2018) showed that �esc_P−C tends to be constant (~ 0.4) when the400

leaf area index is above 3. This is consistent with previous field studies (Dechant et al., 2020;401

Liu et al., 2022; Buareal et al., 2023) which indicated that �esc_P−C was relatively stable402

during most of the growing season, particularly at the middle of the growing season (Liu et al.,403

2022). Besides, Liu et al. (2020) also found that canopy-level far-red SIF had similar404

performance to photosystem-level far-red SIF for GPP estimation. Hence, considering the data405

availability, �esc_P−C was assumed to be 0.4 in this study. The feasibility of this simplification406

was demonstrated by comparing GPP estimated from two scenarios where �esc_P−C is 0.4407

and where �esc_P−C is calculated by Eq. (15) and Eq. (16) (see details in Section 3.2).408

Therefore, the final equation to estimate canopy GPP is409

GPP =
�c−�∗

4�c+8�∗
× �L ×

ΦPSIImax 1+�DF
1−ΦPSIImax

× SIFTOC_760×�PSII�esc_P−C
, C3

1−�
3 × �L ×

ΦPSIImax 1+�DF
1−ΦPSIImax

× SIFTOC_760×�PSII�esc_P−C
, C4

(17)410

For convenience, GPP is referred to as GPP�L_SIF when �L is simulated by �L_SIF411

function, and as GPP�L_PAR when simulated by �L_PAR function.412

The observed top of canopy SIF has the unit of mWm-2 nm-1 sr-1 and needs to be converted413

to μmol photons m-2 s-1 nm-1 using the following equation (Han et al., 2022a):414

SIFTOC_760 =
SIFTOC_760

∗ ×10−3×�
ℎ×�×�A

�

× 106 (18)415
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where SIFTOC_760 and SIFTOC_760∗ represent the observed top of canopy far-red SIF (760416

nm) with the unit of μmol photons m-2 s-1 nm-1 and mWm-2 nm-1 sr-1, respectively. The Planck’s417

constant, ℎ, is equal to 6.626 × 10-34W s2; The light speed (�) is 3 × 108 m s-1; The Avogadro’s418

constant, �A , is 6.022 × 1023 mol-1; The wavelength (�) is 7.6 × 10-7 m; � (sr) is used for419

converting SIF radiance to SIF irradiance; 10-3 is used for converting mW to W; 106 is used for420

converting mol to μmol.421

422

2.3 Data analysis423

Three kinds of analyses were conducted (different PFTs, photosynthetic pathways, and424

temporal scales) to compare the performance of the qL_SIF model and the qL_PAR model. For425

different PFTs, all daily data (16 sites) were grouped into five sub-datasets (C3 CRO, C4 CRO,426

temperate DBF, temperate ENF, boreal ENF). For different photosynthetic pathways, all daily427

data were grouped into two sub-datasets (C3 and C4 plants) and then three datasets (C3, C4, and428

all plants) were used for analysis. For different temporal scales, all half-hourly data (8 sites)429

were averaged to daily, 4-day, and 8-day temporal resolutions. Then, four sub-datasets (half-430

hourly, daily, 4-day, and 8-day) were produced.431

For each kind of analysis, each sub-dataset was first randomly shuffled and then divided432

into training data (70%) and testing data (30%). The training data were used to search for433

optimal parameters and the testing data were used to evaluate model performance. There were434

four parameters that required calibration: ��L_SIF and ��L_SIF for the �L_SIF model,435

��L_PAR and ��L_PAR for the �L_PAR model. The bounds of these four parameters are: 0 <436

��L_SIF < 1, 0 < ��L_SIF < 1; 0 < ��L_PAR < 1, 0 < ��L_PAR < 0.1. The437

scipy.optimize.minimize() function in Python 3.9.13 was utilized to find optimal parameters.438

Since the optimization method needs valid bounds for each parameter, the upper bounds of439

��L_SIF and ��L_PAR were set to be greater than their possible values.440

The coefficient of determination (R2) and root mean square error (RMSE) were used to441

evaluate model performance. A model with higher R2 and lower RMSE indicates better442

performance. Threshold analysis was performed to examine how key environmental factors443

(PAR, Ta, and VPD) affected the qMLR-SIF model performance for different PFTs. Specifically,444

for each factor, the data for each PFT were split into two groups using the PFT-specific mean445

value of that factor as the threshold. Then, the data of these two groups were used to run the446

models and evaluate model performance. The normalized RMSE (NRMSE, the ratio of RMSE447

to the standard deviation of observed GPP) was used to compare the model performance448
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between the two groups. Lower NRMSE indicates better model performance. Residual analysis449

was also conducted between GPP residuals and key environmental factors (PAR, Ta, and VPD)450

to identify potential deviations in GPP estimation. In addition, given the small differences451

among the evaluation results of training, testing, and all (both training and testing) data for the452

two models (Table S1), we used the results of all data to plot the figures. This provides more453

information about each analysis and the results from all data broadly reflect the comprehensive454

performance of each model.455

456

3. Results457

3.1 The effects of environmental factors on GPP and SIFTOC_760 across different PFTs458

The relationships of GPP with SIFTOC_760, PAR, Ta, and VPD (Fig. 2), as well as those of459

SIFTOC_760 with PAR, Ta, and VPD (Fig. 3) were drawn to analyze the responses of GPP and460

SIFTOC_760 to different environmental effects for different PFTs. GPP was significantly461

correlated with all four variables (p < 0.001, SIFTOC_760, PAR, Ta and VPD) in different PFTs462

(Fig. 2). Except for the C3CRO, compared to PAR, Ta and VPD, SIFTOC_760 exhibited the highest463

correlation with GPP in different PFTs (Fig. 2a-e), with r values ranging from 0.70 (C3 CRO)464

to 0.87 (Temperate ENF). With respect to environmental drivers, PAR dominated the variation465

of GPP in CRO (r values: PAR > Ta > VPD) (Fig. 2f, g), while Ta became the main driver in the466

temperate DBF (r values: Ta > PAR > VPD) (Fig. 2m), temperate ENF (r values: Ta > VPD >467

PAR) (Fig. 2n) and boreal ENF (r values: Ta > VPD > PAR) (Fig. 2o). Particularly, in the ENF,468

PAR had the lowest correlation with GPP compared to Ta and VPD (Fig. 2i, j). In the CRO,469

GPP was less affected by VPD (Fig. 2p, q), while the VPD influence was higher in the forests470

(Fig. 2r-t). Besides, GPP saturated at both high SIFTOC_760 and high PAR (Fig. 2a-e, f-j).471

However, the degree of saturation in the SIFTOC_760-GPP relationship was stronger than that in472

the PAR-GPP relationship.473

SIFTOC_760 showed a significant correlation (p < 0.001) with all three environmental474

variables (PAR, Ta and VPD) across different PFTs (Fig. 3), which was similar to GPP. Apart475

from the temperate ENF, PAR dominated the variation of SIFTOC_760 in different PFTs (Fig. 3a-476

e). In the CRO, SIFTOC_760was primarily affected by PAR and Ta (Fig. 3a-b, f-g), while all three477

variables (PAR, Ta, and VPD) showed comparable influences on SIFTOC_760 in the forests (Fig.478

3c-e, h-j, m-o). Across different PFTs, PAR exhibited stronger correlations with SIFTOC_760 (Fig.479

3a-e) than with GPP (Fig. 2f-j). In contrast, Ta had higher correlations with GPP (Fig. 2k-o)480

than with SIFTOC_760 (Fig. 3f-j). Excluding the boreal ENF, VPD had similar correlations with481

GPP and SIFTOC_760 in different PFTs (Fig. 2p-t; Fig. 3k-o). In addition, the variation pattern of482
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SIFTOC_760 to PAR was significantly different from that of GPP to PAR. Specifically, as PAR483

increased, GPP tended to level off at high PAR (Fig. 2f-j) whereas SIFTOC_760 still increased and484

even increased faster at high PAR (except for the boreal ENF, in which SIFTOC_760 increased485

with PAR linearly) (Fig. 3a-e).486

487

488

Fig. 2. The relationship of GPP with SIFTOC_760 (a-e), PAR (f-j), Ta (k-o), and VPD (p-t) for489

different PFTs. r is the Pearson correlation coefficient and p is the corresponding p-value.490

491

492

Fig. 3. The relationship of SIFTOC_760 with PAR (a-e), Ta (f-j), and VPD (k-o) for different PFTs.493

r is the Pearson correlation coefficient and p is the corresponding p-value.494

495

3.2 Validating the feasibility of the qMLR-SIF model’s parameter settings496
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In this study, we employed a piecewise function of Ta (Eq. (9)), derived from the study on497

ENFs (Chen et al., 2024b), to simulate ΦPSIImax. We hypothesized that this temperature function498

is suitable not only for ENF but also for CRO and DBF. To verify this hypothesis, we compared499

model performance under different parameter settings (ΦPSIImax = 0.83 and ΦPSIImax estimated by500

the temperature function in Eq. (9), with all other conditions remaining the same) for different501

PFTs. Results showed that, in general, the temperature function of ΦPSIImax enhanced the502

accuracy of the GPP estimation for both the qL_SIF model and the qL_PAR model across different503

PFTs, as indicated by increased R2 and decreased RMSE (Table 2). Such improvement was504

particularly obvious in the boreal ENF, where R2 increased from 0.67 to 0.76 (0.72 to 0.82) and505

RMSE decreased from 2.26 to 1.96 (2.10 to 1.69) μmol CO2 m-2 s-1 for the qL_SIF model (the506

qL_PARmodel) when considering the effects of Ta on ΦPSIImax. In addition, in the boreal ENF, the507

y-slope (y-intercept) of the linear relationship between modeled and observed GPP became508

closer to 1.00 (closer to 0.00 μmol CO2 m-2 s-1) after using the temperature function of ΦPSIImax,509

indicating less overestimation and/or underestimation of GPP. Therefore, the temperature510

function of ΦPSIImax in Eq. (9) was not only suitable for different PFTs (CRO, DBF, and ENF),511

but also clearly improved the model performance of GPP estimation, especially in the boreal512

ENFs.513

Due to data availability, fesc_P-C was assumed to be invariable (0.4) in this study. To test the514

validity of this assumption, data from 6 study sites (JuRong, ShangQiu, US-Ne2, US-Ne3, US-515

Nr1, and YangLing), which contained key variables (fPAR and NIRv from ground-based516

observations) for calculating fesc_P-C, were filtered to run models under two scenarios (fesc_P-C =517

0.4 and fesc_P-C calculated by Eq. (15) and Eq. (16), with all other conditions being the same) for518

different PFTs. Data from these 6 sites included two PFTs (CRO and ENF). Results suggested519

that, overall, the scenario of constant fesc_P-C had higher accuracy in GPP estimation for both the520

qL_SIF and the qL_PAR model, showing higher R2 and lower RMSE (Table 3). The improvement521

of GPP estimation in the C4 CRO was particularly notable. In detail, R2 increased from 0.51 to522

0.76 (0.50 to 0.69) and RMSE decreased from 13.52 to 9.45 (13.57 to 10.65) μmol CO2 m-2 s-1523

for the qL_SIF model (qL_PAR model) when assuming constant fesc_P-C. In addition, the y-slope (y-524

intercept) of the linear relationship between modeled GPP and observed GPPwas closer to 1.00525

(closer to 0.00 μmol CO2 m-2 s-1) in the scenario of constant fesc_P-C. We calculated statistics526

(mean ± standard deviation, relative standard deviation) of the fesc_P-C estimated by Eq. (15) and527

Eq. (16) and found that large standard deviations existed in C3 CRO (0.47 ± 0.15, 31.97%), C4528

CRO (0.36 ± 0.14, 39.23%) and temperate ENF (0.20 ± 0.08, 38.96%). Thus, the decreased529
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accuracy of modeled GPP in the scenario with varied fesc_P-C may be due to the large530

uncertainties in the estimated fesc_P-C.531

532

Table 2 Comparison of model performance under different ΦPSIImax settings for different PFTs.533

PFTs C3 CRO C4 CRO Temperate DBF Temperate ENF Boreal ENF

Parameter settings
ΦPSIImax

= 0.83

ΦPSIImax

= f(Ta)

ΦPSIImax

= 0.83

ΦPSIImax

= f(Ta)

ΦPSIImax

= 0.83

ΦPSIImax

= f(Ta)

ΦPSIImax

= 0.83

ΦPSIImax

= f(Ta)

ΦPSIImax

= 0.83

ΦPSIImax

= f(Ta)

qL_SIF model R2 0.60 0.61 0.73 0.73 0.63 0.65 0.79 0.82 0.67 0.76

RMSE 7.15 7.07 9.54 9.51 4.56 4.43 2.60 2.43 2.26 1.96

y-slope 1.00 0.97 0.99 0.99 0.98 0.96 1.05 0.94 1.21 0.98

y-

intercept
-0.07 0.74 0.67 0.65 0.23 0.70 -0.48 0.69 -1.19 0.16

qL_PAR model R2 0.46 0.47 0.68 0.68 0.52 0.54 0.79 0.81 0.72 0.82

RMSE 8.33 8.27 10.25 10.24 5.21 5.11 2.59 2.48 2.10 1.69

y-slope 0.69 0.68 0.82 0.82 0.64 0.64 1.02 0.90 1.34 1.02

y-

intercept
7.25 7.58 7.13 7.13 6.93 7.04 -0.06 1.25 -1.89 -0.05

f(Ta): the piecewise function of Ta, i.e., Eq. (9); y-slope (y-intercept) is the slope (intercept) of the linear relationship between534

modeled GPP and observed GPPEC; The unit of RMSE is μmol CO2 m-2 s-1.535

536

Table 3 Comparison of model performance under different fesc_P-C settings for different PFTs.537

PFTs C3 CRO C4 CRO Temperate ENF

Parameter settings
fesc_P-C =

0.40

fesc_P-C is

varied

fesc_P-C =

0.40

fesc_P-C is

varied

fesc_P-C =

0.40

fesc_P-C is

varied

qL_SIF model R2 0.63 0.60 0.76 0.51 0.89 0.88

RMSE 7.16 7.46 9.45 13.52 1.24 1.32

y-slope 0.97 0.83 1.02 0.78 0.98 0.96

y-

intercept
0.03 3.43 -0.20 9.16 -0.12 0.00

qL_PAR model R2 0.51 0.59 0.69 0.50 0.86 0.83

RMSE 8.31 7.56 10.65 13.57 1.41 1.55

y-slope 0.76 0.81 0.88 0.78 0.91 0.88

y-

intercept
5.44 3.84 5.49 9.45 0.48 0.75

fesc_P-C is varied means it was estimated by Eq. (15) and Eq. (16); y-slope (y-intercept) is the slope (intercept) of the linear538

relationship between modeled GPP and observed GPPEC; The unit of RMSE is μmol CO2 m-2 s-1.539

540

3.3 Performance of the improved qMLR-SIF model under different scenarios541
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In order to test the performance of the improved qMLR-SIF model (named qL_SIFmodel for542

convenience), we compared the qL_SIFmodel with the qL_PARmodel (qMLR-SIF model in which543

qL is estimated using a conventional PAR-based function) under different scenarios (PFTs,544

photosynthetic pathways, and temporal scales). For different PFTs, results showed that the qL_SIF545

model outperformed the qL_PAR model across different PFTs (except for the boreal ENF), with546

higher R2 and lower RMSE (Fig. 4). Specifically, R2 increased from 0.47 to 0.61 (C3 CRO),547

0.68 to 0.73 (C4CRO), 0.54 to 0.65 (temperate DBF), and 0.81 to 0.82 (temperate ENF). RMSE548

decreased from 8.27 to 7.07 (C3 CRO), 10.24 to 9.51 (C4 CRO), 5.11 to 4.43 (temperate DBF),549

and 2.48 to 2.43 (temperate ENF) μmol CO2 m-2 s-1. Notably, the qL_SIF model considerably550

reduced the underestimation and overestimation of GPP in the qL_PARmodel, as indicated by the551

y-slope and y-intercept of the linear relationship between observed GPP (GPPEC) and modeled552

GPP (GPPmod) being closer to 1.00 and 0.00 μmol CO2m-2 s-1, respectively. Such improvements553

were particularly obvious in the C3 CRO, temperate DBF, and C4 CRO. In detail, the y-slope554

(y-intercept) improved from 0.68 to 0.97 (7.58 to 0.74 μmol CO2 m-2 s-1) for C3 CRO, 0.64 to555

0.96 (7.04 to 0.70 μmol CO2 m-2 s-1) for temperate DBF, and 0.82 to 0.99 (7.13 to 0.65 μmol556

CO2 m-2 s-1) for C4 CRO. In the boreal ENF, neither model exhibited significant overestimation557

and underestimation of GPP. The linear fits of GPPEC against GPPmod yielded slopes and558

intercepts close to 1.00 and 0.00 μmol CO2m-2 s-1, respectively (Fig. 4e, j). However, the qL_PAR559

model exhibited better performance than the qL_SIF model, with higher R2 (0.82 vs 0.76) and560

lower RMSE (1.69 vs 1.96 μmol CO2m-2 s-1). Residual analysis showed that GPP residuals had561

higher correlations with PAR for the qL_SIF model than for the qL_PAR model in the C3 CRO,562

temperate ENF, and boreal ENF (Fig. S1 f, i, j). In the C4 CRO and temperate DBF, Ta was563

positively correlated with GPP residuals for both models (Fig. S1 l-m, q-r). In the temperate564

ENF, VPD had negative correlations with GPP residuals for the two models (Fig. S1 x, C).565

For different photosynthetic pathways, the qL_SIF model surpassed the qL_PAR model in C3,566

C4, and All (both C3 and C4) plants, showing higher R2 and lower RMSE (Fig. 5). Specifically,567

R2 increased from 0.64 to 0.77 (C3 plants), 0.68 to 0.73 (C4 plants), and 0.59 to 0.73 (All plants).568

RMSE decreased from 5.81 to 4.57 (C3 plants), 10.24 to 9.51 (C4 plants), and 8.83 to 7.21 (All569

plants) μmol CO2 m-2 s-1. Besides, the qL_SIF model significantly improved the underestimation570

and overestimation of GPP compared to the qL_PAR model. In detail, the y-slope (y-intercept)571

improved from 0.82 to 0.99 (3.26 to 0.11 μmol CO2 m-2 s-1) in C3 plants, 0.82 to 0.99 (7.13 to572

0.65 μmol CO2 m-2 s-1) in C4 plants, and 0.87 to 1.05 (3.56 to -0.94 μmol CO2 m-2 s-1) in All573

plants. GPP residuals had positive correlations with PAR and Ta in C4 plants (Fig. S2 b, e; h,574

k). VPD was correlated with GPP residuals in All plants (Fig. S2 o, r).575
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For different temporal scales, these two models had comparable performance in estimating576

GPP, as indicated by similar R2 and RMSE (Fig. 6). However, the qL_SIFmodel had fewer biases577

for GPP than the qL_PAR model, as shown by the y-slope (y-intercept) being closer to 1.00 (0.00578

μmol CO2 m-2 s-1). In addition, the accuracy of the two models increased as the temporal scale579

became larger. Specifically, R2 increased from 0.76 (0.76) to 0.92 (0.92) and RMSE decreased580

from 5.64 (5.69) to 3.17 (3.18) μmol CO2 m-2 s-1 as the temporal scale increased from half-581

hourly to 8-day for the qL_SIF model (qL_PAR model). GPP residuals had low correlations with582

PAR, Ta, and VPD for both models (Fig. S3).583

To assess how the qL_SIF model, compared to the qL_PAR model, improved the performance584

in tracking GPP seasonal variations, we divided the daily dataset into several sub-datasets585

according to site years and used these sub-datasets to run the two models. Note that one specific586

study site (e.g., YangLing) and the corresponding specific year of data collection (e.g., 2021)587

together constitute one site year (i.e., YangLing 2021). All such site-year units for all study sites588

collectively constitute the site years. Then, for each PFT, the site year with the maximum589

difference in R2 between the qL_SIF and the qL_PAR model (aiming to identify the improvements590

easily) was chosen to plot seasonal variations of GPP. Results showed that the qL_SIF model591

effectively reduced underestimation and/or overestimation of GPP at the start (Fig. 7b), the592

middle (Fig. 7b) or the end (Fig. 7d, h) of the growing season for different PFTs. We further593

calculated the R2, RMSE, and mean absolute error (MAE) of GPP for each site year and grouped594

these metrics by PFT. Then, boxplots of these metrics for the two models were drawn across595

different PFTs (Fig. S4-6). We found that the results were consistent with those shown in Fig.596

7.597

598

599
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Fig. 4.Model performance of (a-e) the qL_PARmodel and (f-j) the qL_SIFmodel for different PFTs.600

The red solid line is the linear regression curve of observed GPP (GPPEC) and modeled GPP601

(GPPmod). The black dashed line is the 1:1 line. The unit of RMSE is μmol CO2 m-2 s-1.602

603

604

Fig. 5. Model performance of (a-c) the qL_PAR model and (d-f) the qL_SIF model for different605

photosynthetic pathways. The red solid line is the linear regression curve of observed GPP606

(GPPEC) and modeled GPP (GPPmod). The black dashed line is the 1:1 line. The unit of RMSE607

is μmol CO2 m-2 s-1.608

609

610
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Fig. 6. Model performance of (a-d) the qL_PAR model and (e-h) the qL_SIF model for different611

temporal scales. The red solid line is the linear regression curve of observed GPP (GPPEC) and612

modeled GPP (GPPmod). The black dashed line is the 1:1 line. The unit of RMSE is μmol CO2613

m-2 s-1.614

615

616

Fig. 7. Seasonal variations of GPP for the representative site years of different PFTs. DOY: day617
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of year.618

619

3.4 The effects of environmental factors on the qMLR-SIF model performance620

For the threshold analysis of PAR, results showed that, except for the temperate ENF, the621

qL_SIF and qL_PARmodels had better performance when PAR ≤ PARmean (the mean value of PAR)622

than when PAR > PARmean across different PFTs, with higher R2 and lower NRMSE (Fig. 8).623

Apart from the boreal ENF, the qL_SIF model outperformed the qL_PAR model for both PAR624

conditions (PAR ≤ PARmean and PAR > PARmean) across different PFTs. The qL_SIF model625

considerably reduced the underestimation and overestimation of GPP compared to the qL_PAR626

model, with the y-slope closer to 1.00 and the y-intercept closer to 0.00 μmol CO2 m-2 s-1. For627

the threshold analysis of Ta, both qMLR-SIF models exhibited better performance when Ta ≤ Ta628

mean than when Ta > Ta mean in the C3 CRO, C4 CRO, and temperate DBF (Fig. 9). In contrast, in629

the temperate ENF and boreal ENF, the twomodels performed better when Ta > Tamean compared630

to when Ta ≤ Ta mean. The qL_SIFmodel had better performance and fewer biases for GPP than the631

qL_PAR model for both Ta conditions (Ta > Ta mean and Ta ≤ Ta mean) in the C3 CRO, C4 CRO, and632

temperate DBF. In the temperate ENF and boreal ENF, the qL_PAR model showed better633

performance than the qL_SIF model, with relatively higher R2 and lower NRMSE. For the634

threshold analysis of VPD, both qMLR-SIF models had better performance when VPD ≤635

VPDmean than when VPD > VPDmean across different PFTs (except for the temperate ENF) (Fig.636

10). Apart from the boreal ENF, the qL_SIFmodel demonstrated superior performance compared637

to the qL_PAR model across both conditions (VPD ≤ VPDmean and VPD > VPDmean). It achieved638

higher R2, lower NRMSE, and exhibited reduced biases in GPP estimations.639

640
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641

Fig. 8.Model performance of the qL_PARmodel and the qL_SIFmodel for data below (a-e; f-j) and642

above (k-o; p-t) the mean value of PAR for different PFTs. The red solid line is the linear643

regression curve of observed GPP (GPPEC) and modeled GPP (GPPmod). The black dashed line644

is the 1:1 line.645

646
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647

Fig. 9.Model performance of the qL_PARmodel and the qL_SIFmodel for data below (a-e; f-j) and648

above (k-o; p-t) the mean value of Ta for different PFTs. The red solid line is the linear regression649

curve of observed GPP (GPPEC) and modeled GPP (GPPmod). The black dashed line is the 1:1650

line.651

652
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653

Fig. 10. Model performance of the qL_PAR model and the qL_SIF model for data below (a-e; f-j)654

and above (k-o; p-t) the mean value of VPD for different PFTs. The red solid line is the linear655

regression curve of observed GPP (GPPEC) and modeled GPP (GPPmod). The black dashed line656

is the 1:1 line.657

658

4. Discussion659

4.1 Why did environmental factors have different effects on GPP and SIFTOC_760?660

Both GPP and SIFTOC_760 were significantly affected by PAR, Ta, and VPD across the661

different PFTs examined (Fig. 2, Fig. 3). The degree of environmental effects on GPP and662

SIFTOC_760, however, differed. Specifically, across the different PFTs, PAR had a stronger663

influence on SIFTOC_760 than on GPP (Fig. 3a-e, Fig. 2f-j), while Ta had a higher effect on GPP664

compared to SIFTOC_760 (Fig. 2k-o, Fig. 3f-j). These differences may be primarily due to the665

distinct processes involved in SIF emission and carbon fixation. In detail, photosynthesis666

comprises three crucial reaction stages: photophysical reactions, photochemical reactions, and667

biochemical reactions (also known as dark reactions) (Kamen, 1963; Gu et al., 2023; Sun et al.,668
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2023a). The emission of SIF takes place as part of the photophysical reactions, which include669

light harvesting and excitation energy partitioning (Gu et al., 2023; Sun et al., 2023a). In670

contrast, the fixation of CO2 occurs within the biochemical reaction stage, which involves671

numerous crucial enzymatic reactions (Blankenship, 2014; Gu et al., 2023). Temperature is672

known to influence enzymatic activities and thus affects the rate of CO2 assimilation, thereby673

explaining the clear and direct impact of Ta on GPP. In contrast, SIF emission is controlled by674

physical principles (Gu et al., 2023) and does not involve enzymatic reactions. Consequently,675

Ta has a limited impact on SIF. SIF originates from the partitioning of absorbed PAR; therefore676

the variation of PAR can directly affect the variation of SIF. Conversely, PAR indirectly677

influences the rate of CO2 fixation (GPP) by affecting the production of NADPH and ATP678

synthesis in the photochemical reactions.679

The different ways (direct or indirect) in which PAR influences SIF and GPP, along with680

the forward and backward feedbacks among the three reaction stages, may jointly result in the681

distinct variation patterns of GPP-PAR (increased and leveled off, Fig. 2f-j) and SIFTOC_760-682

PAR (increased and even increased faster at high PAR, Fig. 3a-e) observed in this study. From683

the perspective of energy supply and demand, photophysical, photochemical, and biochemical684

reactions can be regarded as the supply side, the supply chain and the demand side, respectively.685

Energy input to the supply side is the PAR absorbed by antenna pigments. When PAR is low,686

the energy supply falls short of the energy demand in biochemical reactions. Thus, carbon687

fixation is mainly limited by the energy supply in photophysical reactions (corresponding to the688

limitation of RuBP regeneration (Van Diepen et al., 2022)). Therefore, GPP approximately689

linearly increases with PAR in this situation. As PAR exceeds the level where the energy supply690

and demand are equal, the rate of carbon fixation becomes primarily limited by the dark reaction691

processes (e.g., the Rubisco limitation (Van Diepen et al., 2022) or the insufficient supply of692

CO2 due to decrease in stomatal aperture (Gu et al., 2019)). In this case, the increase rate of693

GPP slows down and GPP levels off at high PAR once light saturation occurs. In contrast, the694

emission of SIF is a photophysical process and is directly related to the absorption of PAR. The695

dynamics of SIF are largely attributed to the variations of energy consumption in the carbon696

fixation and heat dissipation, because the input energy is conserved among these three processes697

(Sun et al., 2023a).When PAR is not high, the regulated thermal dissipation mechanisms (NPQ)698

can effectively dissipate excess excitation energy beyond the energy demand for carbon fixation699

(i.e., NPQ is not saturated), which in turn makes the quantum yield of SIF relatively stable700

(Kramer et al., 2004; Gu et al., 2019; Chang et al., 2021; Liu et al., 2022). Therefore, SIF701

increases nearly linearly with PAR. However, if the excess excitation energy exceeds the702
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amount of energy that NPQ can dissipate as heat (i.e., NPQ is saturated (Kramer et al., 2004)),703

the energy partitioned to SIF emission will increase. This leads to an increase in the quantum704

yield of SIF (Kramer et al., 2004) and eventually results in a higher-than-linear increase of SIF705

with increasing PAR. This situation may occur when NPQ is saturated whereas the excitation706

energy still increases via some processes (e.g., PAR continues to increase to higher levels707

(Kramer et al., 2004; Baker, 2008; Gu et al., 2019) and/or energy consumption by carbon708

fixation decreases due to environmental stresses or reduced supply of CO2 (Kramer et al.,709

2004)). Hence, the faster increase of SIFTOC_760 at higher PAR (~ above 1000 μmol photons m-710
2 s-1) observed in this study (Fig. 3a-d) may be largely due to the saturation of NPQ. The711

exception in the boreal ENF where SIFTOC_760 increased linearly with PAR throughout (Fig. 3e)712

may be due to the relatively low maximum PAR and higher capacity of NPQ in evergreen713

conifers (Demmig‐Adams and Adams, 2006; Verhoeven, 2014), and thus NPQ is not saturated714

in this situation. In addition, it is the increased quantum yield of SIFTOC_760 at high PAR that715

causes the saturation of GPP to SIFTOC_760 being more pronounced than that to PAR across716

different PFTs (Fig. 2a-e, f-g). Furthermore, the significant correlations of SIFTOC_760 with717

environmental factors (PAR, Ta and VPD, Fig. 3) and GPP (Fig. 2a-e) demonstrated that SIF is718

an integrated indicator containing information about various environmental effects and plant719

physiology status (Gu et al., 2019; Han et al., 2022a; Sun et al., 2023a).720

721

4.2 The improved qMLR-SIF model significantly reduced biases in GPP estimation722

To evaluate the performance of the improved qMLR-SIF model (qL_SIF model) in723

quantifying canopy GPP, we first validated the feasibility of key parameter settings of the724

qMLR-SIF model; then compared the qL_SIF model with the original qMLR-SIF model (qL_PAR725

model) under various scenarios (PFTs, photosynthetic pathways, and temporal scales); and726

finally analyzed the impacts of key environmental factors on model performance. Our results727

demonstrated the feasibility of using a piecewise function of Ta (Eq. (9)) to simulate ΦPSIImax for728

different PFTs (CRO, DBF, and ENF) (Table 2). Although this piecewise function is derived729

from a study performed with ENF (Chen et al., 2024b), it is also suitable for the CRO and DBF.730

This is because the piecewise function takes into account both situations where ΦPSIImax is731

affected and unaffected by Ta. For the ENF, most of the data fell in the middle part of the732

piecewise function (-5 ℃ < Ta < 15 ℃) (Fig. 2n-o); thus, the estimated ΦPSIImax considered the733

effects of Ta. In contrast, the data from CRO and DBF primarily fell in the upper part of the734

piecewise function (Ta ≥ 15 ℃) (Fig. 2k-m); therefore, the estimated ΦPSIImax was constant and735

less affected by Ta during most of the time. Such simulation is consistent with the facts that 1)736
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ΦPSIImax is a capacity parameter of photochemical quantum yield of PSII and is invariant across737

species under normal conditions (Baker, 2008; Gu et al., 2019); 2) compared to the ENF, low738

temperature stresses occur rarely or are even absent in the CRO and DBF (this is shown in Fig.739

2k-o, where the minimum Ta is above zero in the CRO and DBF). Thus, ΦPSIImax is nearly740

unaffected by Ta and invariable in these PFTs. This is also the reason why using the piecewise741

function (vs. fixed ΦPSIImax) led to more significant improvements in model performance in the742

ENF compared to the CRO and DBF (Table 2). We also verified the feasibility of the constancy743

assumption for fesc_P-C. Results showed that the scenario of constant fesc_P-C had better744

performance in estimating GPP than that of the varied fesc_P-C (Table 3). This is primarily745

attributed to the following reasons: 1) fesc_P-C is approximately constant when LAI exceeds 3746

(Yang and van der Tol, 2018), such as during most of the growing season (Dechant et al., 2020;747

Liu et al., 2022; Buareal et al., 2023); 2) the constancy assumption may avoid uncertainties748

introduced in the estimated fesc_P-C by Eq. (15) and Eq. (16) and therefore enhanced the accuracy749

of GPP estimation. In addition, it should be noted that the specific value of the constant fesc_P-C750

(within its physical boundaries, i.e., 0~1) has limited effects on the model performance. Because751

the difference between the default (0.4) and true values of fesc_P-C will be compensated for in the752

fitted parameters during parameterization. This also explains why, in the ENF, although the753

default value of fesc_P-Cdiffered from the mean value of estimated fesc_P-C (0.4 vs. 0.2), the qMLR-754

SIF models still performed well (Table 3).755

Recent studies have demonstrated the wide applicability of the qMLR-SIF model in756

estimating canopy GPP for different PFTs (Beauclaire et al., 2024; Chen et al., 2024b; Liu et757

al., 2024a). However, the inadequate simulation of the key variable qL may diminish the758

accuracy of GPP estimation (Liu et al., 2024a), thereby limiting the applicability of the qMLR-759

SIF model in complex contexts. Therefore, this study developed a new SIF-based function to760

improve the simulation of qL, and then to enhance the accuracy of the qMLR-SIF model in761

estimating GPP. In general, compared to the original qMLR-SIF model (qL_PAR model), the762

improved qMLR-SIF model (qL_SIF model) enhanced the model performance in quantifying763

canopy GPP for different PFTs (Fig. 4), photosynthetic pathways (Fig. 5) and temporal scales764

(Fig. 6), with higher R2 and lower RMSE. In particular, the qL_SIF model could significantly765

improve the underestimation and/or overestimation of GPP compared to the qL_PAR model.766

Besides, the qL_SIFmodel exhibited better performance in tracking the seasonal variation of GPP767

(Fig. 7). Moreover, although environmental factors can influence model accuracy, the qL_SIF768

model still outperformed the qL_PARmodel overall (Fig. 8 - 10). Since the qL function is the only769

difference between the qL_PARmodel and qL_SIF model (Eq. (17)), the enhancements of the qL_SIF770
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model in estimating GPP demonstrated the effectiveness of our new SIF-based qL function, and771

thus further illustrated the rationality of the hypothesis that we posed in the development of the772

novel qL function. The superior performance of the SIF-based qL function (Eq. (11)) in773

comparison to the PAR-based qL function (Eq. (10)) is primarily attributed to the mechanistic774

link between SIF and qL at the molecular level. Specifically, photosynthesis involves a series of775

photophysical, photochemical and biochemical reactions (Kamen, 1963; Gu et al., 2023; Sun776

et al., 2023a), which are organically coordinated and give feedback to each other. Photophysical,777

photochemical and biochemical reactions can be regarded as the upstream, midstream, and778

downstream parts, respectively, of photosynthesis in which solar energy is converted into stable779

chemical energy. The key to photosynthesis is the upstream partitioning of absorbed sunlight780

energy, the midstream production of NADPH and ATP via linear and cyclic electron transports781

using the partitioned energy, and the downstream fixation of CO2 using the reducing power782

(NADPH) and chemical energy (ATP) (Gu et al., 2023; Sun et al., 2023a). The absorbed sunlight783

energy in the upstream part is mainly partitioned into photochemistry, SIF emission, and heat784

dissipation (Porcar-Castell et al., 2014; Gu et al., 2019). The midstream linear electron transport785

(LET) from PSII to PSI tightly links the upstream energy partition to the downstream carbon786

fixation, while qL reflects the degree of ‘traffic jam’ of LET from PSII to PSI (Gu et al., 2019)787

(lower qL corresponds to higher degree of ‘traffic jam’) and to some extent, represents the788

efficiency of photochemistry in PSII (Kramer et al., 2004). Since the absorbed energy is789

conserved, the variation of energy allocated to photochemistry and heat dissipation will790

inevitably lead to the variation of energy allocated to SIF emission. Therefore, the variation in791

qL is closely associated with the variation in SIF. Moreover, due to mechanistic links and792

feedbacks among the three parts (the upstream, midstream, and downstream parts of793

photosynthesis) (Gu et al., 2023; Sun et al., 2023a), biotic and abiotic factors that may influence794

any of the three parts will directly or indirectly affect the others as well. This implies that factors795

influencing qL also directly or indirectly impact SIF, and vice versa. For example, when PAR is796

high, decreased CO2 supply in the downstream reactions will lead to decreased rate of electron797

consumption, thereby intensifying the ‘traffic jam’of LET (thus decreasing qL) in the midstream798

part (Kramer et al., 2004; Baker, 2008). The decreased qL indicates a reduced quantum yield of799

photochemistry of PSII, resulting in less energy being utilized for photochemistry.800

Consequently, more energy is allocated to SIF emission, especially when NPQ is saturated. This801

situation is illustrated in Fig. 2 of Kramer et al. (2004). In contrast, PAR only represents the802

external effect of light on qL and cannot reflect the influences of other factors, such as Ta and803

CO2 concentration. Therefore, compared to the SIF-based qL function, the PAR-based qL804
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function is assumed to be less effective in accurately simulating qL under stressed conditions.805

This point was partly confirmed by our threshold analysis, in which the qL_PAR model showed806

an overall worse performance than the qL_SIF model under stressed conditions (Fig. 8-10).807

In our analyses, the qL_SIF model was unexpectedly outperformed by the qL_PAR model in808

the boreal ENF (Fig. 4e, j), with both lower R2 and higher RMSE indicating the inferior809

performance of the SIF-based qL function. This may be primarily attributed to the particular810

environments in the boreal ENF and various mechanisms that trees have evolved to adapt to811

corresponding stresses. Specifically, the boreal ENF experiences strong seasonal variations and812

faces severe stresses from low Ta and high PAR during winter months (Verhoeven, 2014;813

Magney et al., 2019b), which is significantly different from other PFTs. Low Ta does not814

preclude light absorption in photophysical reactions, but it substantially inhibits the energy815

consumption of biochemical reactions (Verhoeven, 2014), thereby leading to a serious light816

energy excess. To avoid excess light damage, species in the boreal ENF evolved a variety of817

photoprotective mechanisms, such as suppression of xanthophyll cycle dynamics, sustained818

engagement of xanthophyll as well as rearrangement or degradation of PSII core proteins819

(Adams et al., 2004; Demmig‐Adams and Adams, 2006; Verhoeven, 2014). These adaptive820

mechanisms can impact the partitioning of absorbed sunlight energy (e.g., decreasing the821

quantum yield of SIF) by enhancing sustained NPQ (Verhoeven, 2014; Magney et al., 2019b).822

This, in turn, may alter the relationship between SIF and qL, causing the SIF-qL relationship823

modeled with Eq. (11) to deviate from reality. Such deviation may eventually introduce biases824

in GPP estimation. In contrast, PAR is an external variable that is not affected by adaptive825

mechanisms; therefore, the influence of sustained NPQ on the PAR-based qL function may be826

smaller. Threshold analysis for PAR, to some extent, indicated the existence of such effects in827

the boreal ENF. We found that the performance difference between the qL_SIF model and the828

qL_PAR model was larger under high PAR (Fig. 8o, t) than under low PAR (Fig. 8e, j). That829

means high PAR reduces the performance of the qL_SIF model more prominently. Since the qL830

function is the only difference between these two models, we can infer that high PAR reduces831

the capability of the SIF-based qL function more significantly than it does for the PAR-based qL832

function. Considering that high PAR corresponds to high sustained NPQ, the worse833

performance of the qL_SIF model may be partly due to larger effects of high sustained NPQ on834

the SIF-based qL function in the boreal ENF.835

836

4.3 Limits and uncertainties837

Although our SIF-based qL simulation significantly enhanced the accuracy of the qMLR-838
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SIF model in quantifying canopy GPP in most PFTs, some limitations and uncertainties still839

exist. Firstly, the SIF-based qL function needs to be further improved to accurately simulate qL840

under stressed conditions. Threshold analysis indicated that environmental stresses (high PAR,841

high/low Ta, high VPD) could reduce model accuracy (Fig. 8-10). Although the qL_SIF model842

generally outperformed the qL_PAR model under stressed conditions, the decreased model843

accuracy implies that environmental factors still need to be considered in estimating qL. The844

existence of positive or negative correlations between GPP residuals and environmental845

variables (PAR, Ta, and VPD) also suggested, to some extent, the necessity of considering other846

effects on qL (Fig. S1-3). A recent study developed a semi-empirical model to simulate qL,847

incorporating both SIF and Ta (Liu et al., 2024b). Their results showed that the semi-empirical848

qL model could significantly improve the accuracy of the qMLR-SIF model in estimating849

canopy GPP of winter wheat. However, whether this semi-empirical qL model is applicable to850

other PFTs remains unclear and needs further testing. Nevertheless, their study demonstrated851

the effectiveness of considering the impacts of both SIF and Ta for simulating qL. Secondly, the852

piecewise function for estimating ΦPSIImax (Eq. (9)) may introduce some uncertainties. The853

applicability of the piecewise function for different PFTs (CRO, DBF, and ENF) indicated that854

it captured major effects of Ta on ΦPSIImax. However, the exact influences of Ta on ΦPSIImax may855

vary across different PFTs and may not be fully captured by this function. Hence, some biases856

may be introduced in the estimated GPP. In addition, our study only includes three PFTs;857

therefore, whether this piecewise function is applicable to other PFTs still needs to be verified.858

Moreover, since the decrease in ΦPSIImax reflects the downregulation of plant’s photosynthetic859

capacity via various NPQ mechanisms under stressed conditions (Demmig‐Adams andAdams,860

2006; Verhoeven, 2014), other biotic or abiotic stresses (such as severe droughts and heatwave861

events) may also lead to a decrease in ΦPSIImax. Considering these effects on ΦPSIImax in the862

piecewise function or even directly estimating ΦPSIImax from a mechanistic perspective may863

enhance the capability of the qMLR-SIF model in quantifying GPP under complex conditions,864

especially in the context of global climate change. Thirdly, due to data availability, fesc_P-C was865

assumed to be constant in this study, which may introduce some biases in the modeled GPP.866

Although we verified the feasibility of fixing fesc_P-C for GPP estimation, this assumption may867

fail under some special situations, such as at the start and end of the growing seasons (Dechant868

et al., 2020; Lu et al., 2020; Liu et al., 2022; Liu et al., 2024b). These particular situations do869

not affect the general conclusions drawn in this study, but may decrease the accuracy of the870

qMLR-SIF model. Finally, this study only includes three PFTs. Therefore, to what extent the871

improved qMLR-SIF model could enhance the accuracy of quantifying GPP for other PFTs872
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(e.g., evergreen broadleaf forest, grassland, and shrubland) needs further research.873

874

5. Conclusions875

In summary, this study developed a SIF-based qL function that improves the simulation of876

qL and consequently enhances the accuracy of the qMLR-SIF model for estimating canopy GPP.877

We compared the improved qMLR-SIF model with the original model for different PFTs (CRO,878

DBF, and ENF), photosynthetic pathways (C3 and C4), and temporal scales (half-hourly, daily,879

4-day, and 8-day). Multi-site evaluation results showed that the improved qMLR-SIF model880

significantly reduced biases in GPP estimation. Although environmental stresses decreased the881

accuracy of the two models, the improved qMLR-SIF model still surpassed the original model882

(except for the boreal ENF), demonstrating the effectiveness of our improvement for the qL883

simulation. In addition, we found that PAR exerted a stronger influence on SIFTOC_760, whereas884

Ta had a stronger effect on GPP across different PFTs. Such differences may be primarily885

attributed to the different processes involved in SIF emission (photophysical reactions related886

to light absorption and energy partition) and carbon fixation (biochemical reactions related to887

numerous crucial enzymes). We also found that the saturation of GPP to SIFTOC_760 was more888

pronounced than that to PAR across different PFTs, which is probably attributed to the889

saturation of NPQ at high PAR. Moreover, the high correlations of SIFTOC_760 with GPP and890

environmental variables (PAR, Ta, and VPD) observed in this study demonstrated that SIF is an891

integrated indicator containing rich information about plant physiology status and892

environmental effects on plants. Our research expands the applicability of the qMLR-SIF model893

for accurate canopy GPP estimation, an essential step toward its large-scale applications.894

Further studies are required to elucidate and quantify the mechanisms underlying the variation895

of qL, particularly under stressed conditions.896
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qL_SIF model across different PFTs. n is the number of site-year datasets for each PFT.1361

1362
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Table S1 The determination coefficient (R2) and root mean square error (RMSE) between modeled GPP and observed GPP for different plant19

functional types (PFTs), photosynthetic pathways and temporal scales for the two models.20

Different Scenarios Classification qL_SIF model qL_PAR model

Training Testing All Training Testing All

PFTs C3 CRO (0.60, 7.18) (0.62, 6.82) (0.61, 7.07) (0.45, 8.42) (0.50, 7.88) (0.47, 8.27)

C4 CRO (0.73, 9.46) (0.72, 9.57) (0.73, 9.51) (0.69, 10.19) (0.67, 10.32) (0.68, 10.24)

Temperate DBF (0.66, 4.37) (0.64, 4.55) (0.65, 4.43) (0.53, 5.10) (0.54, 5.12) (0.54, 5.11)

Temperate ENF (0.81, 2.53) (0.85, 2.18) (0.82, 2.43) (0.80, 2.57) (0.84, 2.24) (0.81, 2.48)

Boreal ENF (0.75, 1.98) (0.76, 1.90) (0.76, 1.96) (0.81, 1.74) (0.84, 1.56) (0.82, 1.69)

Photosynthetic pathways C3 (0.77, 4.59) (0.78, 4.53) (0.77, 4.57) (0.64, 5.79) (0.64, 5.85) (0.64, 5.81)

C4 (0.73, 9.46) (0.72, 9.57) (0.73, 9.51) (0.69, 10.19) (0.67, 10.32) (0.68, 10.24)

All (0.73, 7.13) (0.74, 7.39) (0.73, 7.21) (0.58, 8.78) (0.62, 8.89) (0.59, 8.83)

Temporal scales Half-hourly (0.76, 5.63) (0.77, 5.67) (0.76, 5.64) (0.75, 5.69) (0.77, 5.69) (0.76, 5.69)

Daily (0.86, 4.22) (0.86, 4.13) (0.86, 4.20) (0.86, 4.23) (0.86, 4.17) (0.86, 4.21)

4-Day (0.90, 3.40) (0.92, 3.58) (0.91, 3.46) (0.90, 3.40) (0.92, 3.61) (0.91, 3.47)

8-Day (0.90, 3.16) (0.95, 3.19) (0.92, 3.17) (0.90, 3.17) (0.95, 3.19) (0.92, 3.18)

Training, Testing and All represent evaluating results of training, testing and all data, respectively.21

Statistical results are presented as (R2, RMSE), RMSE with unit of μmol CO2 m-2 s-1.22



23

24

Fig. S1. Scatterplot of GPP residuals (GPPEC - GPPmod) against PAR (a-e; f-j), Ta (k-o; p-t),25

and VPD (u-y; z-D) for the qL_PAR model and qL_SIF model for different PFTs. r is the26

correlation coefficient and p is the corresponding p-value.27
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29

Fig. S2. Scatterplot of GPP residuals (GPPEC - GPPmod) against PAR (a-c; d-f), Ta (g-i; j-l),30

and VPD (m-o; p-r) for the qL_PAR model and qL_SIF model for different photosynthetic31

pathways. r is the correlation coefficient and p is the corresponding p-value.32

33
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35

Fig. S3. Scatterplot of GPP residuals (GPPEC - GPPmod) against PAR (a-d; e-h), Ta (i-l; m-p),36

and VPD (q-t; u-x) for the qL_PAR model and qL_SIF model for different temporal scales. r is the37

correlation coefficient and p is the corresponding p-value.38

39



40

Fig. S4. Boxplot of the determination coefficient (R2) of estimated GPP for the qL_PAR model41

and qL_SIF model across different PFTs. n is the number of site-year datasets for each PFT.42

43

44

Fig. S5. Boxplot of the root mean square error (RMSE) of estimated GPP for the qL_PAR model45

and qL_SIF model across different PFTs. n is the number of site-year datasets for each PFT.46



47

Fig. S6. Boxplot of the mean absolute error (MAE) of estimated GPP for the qL_PAR model and48

qL_SIF model across different PFTs. n is the number of site-year datasets for each PFT.49
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