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Abstract

Effective use of solar-induced chlorophyll fluorescence (SIF) to estimate and monitor gross 

primary production (GPP) in terrestrial ecosystems requires a comprehensive understanding and 

quantification of the relationship between SIF and GPP. To date, this understanding is incomplete and 

somewhat controversial in the literature. Here we derived the GPP/SIF ratio from multiple data 

sources as a diagnostic metric to explore its global-scale patterns of spatial variation and potential 

climatic dependence. We found that the growing season GPP/SIF ratio varied substantially across 

global land surfaces, with the highest ratios consistently found in boreal regions. Spatial variation in 

GPP/SIF was strongly modulated by climate variables. The most striking pattern was a consistent 

decrease in GPP/SIF from cold-and-wet climates to hot-and-dry climates. We propose that the 

reduction in GPP/SIF with decreasing moisture availability may be related to stomatal responses to 

aridity. Furthermore, we show that GPP/SIF can be empirically modelled from climate variables using 

a machine learning (random forest) framework, which can improve the modelling of ecosystem 

production and quantify its uncertainty in global terrestrial biosphere models. Our results point to the 

need for targeted field and experimental studies to better understand the patterns observed and to 

improve the modelling of the relationship between SIF and GPP over broad scales.   
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1. Introduction

The total amount of carbon taken up by plants via photosynthesis, gross primary production 

(GPP), is a fundamental quantity for the global carbon cycle. The eddy covariance (EC) technique 

provides perhaps the best estimates of GPP at the ecosystem scale, despite numerous caveats 

(Goulden et al., 1996; Coops et al., 2007). With appropriate gap-filling, EC flux towers can 

continuously measure net ecosystem exchange (NEE), partitioned into carbon influx to the canopy 

(GPP) and outflux from the ecosystem (Respiration, R; Lasslop et al., 2010). However, EC towers are 

expensive to operate and their spatial extent is limited, challenging our ability to scale their 

measurements globally. Nonetheless, data-driven (or machine learning) methods have been used to 

upscale GPP from EC flux towers to regional, continental, and global scales using climate data and 

satellite observations (Xiao et al., 2010; Jung et al. 2011; Tramontana et al., 2016). The upscaled GPP 

products are subject to the limitations of the original EC tower measurements (e.g., imbalanced spatial 

distribution with most sites in northern temperate areas; Schimel et al., 2015; Jung et al., 2017; Wei et 

al., 2017) as well as uncertainty from other input data, and incomplete representation of driving 

factors (Xiao et al., 2010). In addition to EC tower measurements and their scaled-up global products, 

remote sensing from space has been widely used for GPP monitoring at regional to global scales 

(Schimel et al., 2015; Huemmrich et al., 2019). Compared to EC-based GPP estimates, remote 

sensing provides efficient GPP monitoring across all the Earth’s land surface without being restricted 

by site accessibility (Running et al., 2000). A wide range of remote sensing approaches based on 

vegetation indices, light use efficiency (LUE) models and solar-induced chlorophyll fluorescence 

(SIF), have been used for GPP estimation and monitoring (Hilker et al., 2008; Sun et al., 2018; Xiao 

et al., 2019a). For example, vegetation greenness indices have been widely used to approximate GPP 

because of their close relationship with photosynthetic capacity (Tucker et al., 1986) and these have 

revealed a greening trend of the global land since the 1980s (Mao et al., 2016; Piao et al., 2020; Zhu 

et al., 2016). However, informing GPP from greenness indices is subject to biases from radiometric 

saturation (Tan et al., 2013), contamination by atmospheric scattering, cloud, and background 

reflectance (Kaufman et al., 1993; Gutman et al., 1987), and the failure to represent transient 

environmental stresses (Guanter et al., 2014b). The first global operational GPP product, Moderate 

Resolution Imaging Spectroradiometer (MODIS) GPP, is based on the LUE method driven by A
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remotely sensed data (Running et al. 2004). However, the LUE method is subject to uncertainties in 

remote sensing data, model structure, and parameterization (Xiao et al., 2019a).

More recently, SIF has emerged as a promising approach for monitoring seasonal variations of 

GPP from regional to global scales (Frankenberg et al., 2011; Guanter et al., 2012; Jeong et al., 2017; 

Joiner et al., 2011). The emergence of the SIF data stream from satellite passive measurements may 

overcome many drawbacks of traditional greenness-based satellite products, leading to vast 

improvements in estimating GPP spatially and temporally because of the strong relationship between 

GPP and SIF. For example, by using SIF we can avoid extrapolation of GPP using greenness indices 

that may fail to capture transient stresses. Mechanistic studies suggest that the relationship between 

SIF and GPP can be described with a simple conceptual relationship: , where  is 𝐺𝑃𝑃 = 𝑆𝐼𝐹 ×
𝐿𝑈𝐸

𝛷𝐹 × 𝜀 𝛷𝐹

the fluorescence yield, and  is the probability of an emitted photon being detected from above the 𝜀

canopy (Frankenberg and Berry, 2018). This implied strong correlation between SIF and GPP has 

been demonstrated by many empirical studies from single leaves to ecosystems, and over daily to 

yearly time scales (Damm et al., 2010; Campbell et al., 2007; Yang et al., 2015; Zhang et al., 2016a, 

2016b; Lee et al., 2015; Verrelst et al., 2015, 2016; Rossini et al., 2015, 2016). Interestingly, the 

relationship between leaf-level SIF and GPP is often nonlinear at short time scales (i.e., hourly) but 

becomes increasingly linear at longer time scales and broader spatial scales (Li et al., 2018a; Damm et 

al., 2015; Jung et al., 2011; Yang et al.,2017; Gu et al., 2019; Frankenberg et al., 2014; Guanter et al., 

2012). This cross-scale shift in GPP-SIF relationships is usually attributed to the mean-field effect of 

larger scales that cancels out nonlinear terms (Thum et al., 2017). For the purpose of investigating the 

carbon cycle at these larger spatial and temporal scales, global change biologists thus usually assume 

that SIF and GPP are linearly related (Frankenberg et al., 2011; MacBean et al., 2018; Parazoo et al., 

2014).  

What is unresolved is how this linear GPP-SIF relationship varies across different regions and 

vegetation types (Gu et al., 2019; MacBean et al., 2018; Xiao et al., 2019b; Li et al., 2018a; Zhang et 

al., 2018). For example, by comparing SIF data from the Airborne Prism EXperiment (APEX) sensor 

and GPP data from EC towers, Damm et al. (2015) reported variable GPP-SIF relationships across 

vegetation types, with the strongest relationships in croplands and the weakest in mixed temperate A
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forest. More recent studies (e.g., Sun et al. 2017, Li et al. 2018a) found consistent linear relationships 

across biomes between SIF from the Orbiting Carbon Observatory-2 (OCO-2) and GPP from EC 

towers. These contrasting GPP-SIF findings may arise from the differing satellite products, or the 

scales and methods of the investigations (Yang et al., 2015; Sun et al. 2017, Li et al. 2018a, 2018b). 

In particular, different SIF products may have different systematic biases that need to be recognized 

when interpreting the GPP-SIF relationship across vegetation types. To resolve the controversy, the 

GPP-SIF relationship needs to be assessed across data sources and evaluated in a more general 

environmental framework, particularly across climatic space (Thum et al. 2017; Smith et al., 2018; 

Qiu et al., 2019). Such assessments will allow us to address key issues such as how the GPP-SIF 

relationship changes along latitudinal gradients and which climatic variables play dominant roles in 

regulating variations in the relationship. Exploring general patterns of variation in the GPP-SIF 

relationship across climates, regions, and vegetation types, and mechanistic explanations of such 

patterns is not only important to better understand and predict this relationship, but also can inform 

and improve the modelling of GPP under current and future climates (Lee et al., 2015).

Here, we assembled multiple satellite derived SIF data sets and both satellite and ground-based 

GPP data, along with corresponding climate (temperature, precipitation, and shortwave radiation) 

variables, to investigate how the GPP-SIF relationship may change across the global land surface. Our 

primary goal was to uncover potential environmental controls on the GPP-SIF relationship and to 

generate hypotheses regarding the underlying mechanisms. In doing so, we used four different SIF 

products in combination with two independent GPP datasets. Using the GPP/SIF ratio as a diagnostic 

metric of the GPP-SIF relationship, we examined its variation across both geographic and climatic 

spaces. To further quantify climatic controls on the spatial variation of GPP/SIF, we also developed a 

machine learning model (random forest) of GPP/SIF based on the above climatic variables. 

2. Data and Methods

Here we used the GPP/SIF ratio as a metric to diagnose the dynamics of the GPP-SIF 

relationship. Unlike other metrics, such as GPP/temperature or GPP/precipitation for which 

temperature or precipitation is an environmental factor driving variations in GPP (e.g., Piao et al., A
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2013), photosynthetic carbon assimilation and fluorescence re-emission are parallel processes during 

photosynthesis. Thus, the GPP/SIF ratio can be interpreted as a diagnostic metric sensitive to how 

photon quanta are allocated to different photochemical processes (Gu et al., 2019; Lee et al., 2015).

2.1 Satellite-based SIF products

We used four gridded and contiguous SIF products derived from different satellite 

platforms/instruments, including Global Ozone Monitoring Experiment-2 (GOME-2; Joiner et al., 

2013), Greenhouse Gases Observing Satellite (GOSAT; Frankenberg et al., 2011), a finer-resolution 

global SIF product derived from Orbiting Carbon Observatory 2 (GOSIF; Li & Xiao, 2019), and 

Tropospheric Monitoring Instrument (TROPOMI; Köhler et al., 2018). These SIF products have 

different spatial and temporal resolutions as well as different temporal coverages. All the SIF data 

have been corrected for day length difference and were linearly interpolated to a common 1° by 1° 

spatial resolution.

The GOME-2 SIF was retrieved from sensors onboard the EUMETSAT’s Meteorological 

Operational Satellite-A (MetOp-A) for the period 2007–2018 (Köhler et al., 2015a). These SIF 

retrievals were obtained from the 715–758 nm spectral window. GOME-2 SIF is available globally at 

0.5o by 0.5o spatial resolution and daily temporal resolution. The GOSAT SIF was produced by the 

Japan Aerospace Exploration Agency (JAXA) at the spatial resolution of 3° by 3° (Frankenberg et al., 

2018). The GOSIF was a SIF product derived from multiple data sources, and produced with high 

spatial resolution (0.05° by 0.05°) and 8-day temporal resolution for the period 2000–2018 (Li & Xiao, 

2019). This SIF product was produced by training the available footprints (1.3 km × 2.25 km) of the 

OCO-2 data and MODIS-derived vegetation indices and reanalysis-based climatic variables with the 

Cubist regression tree model (Li & Xiao, 2019). In this way, it extended the current short data record 

of OCO-2 SIF (since September 2014) to a much longer period (since March 2000) and sparse 

footprints to global coverage (Li & Xiao, 2019). TROPOMI SIF was derived from a spectrometer 

onboard the Sentinel-5 Precursor satellite launched in October 2017 by the European Space Agency 

(Köhler et al., 2018). The TROPOMI-based gridded SIF data have greatly improved temporal (~1 day) 

and spatial resolution (e.g., 0.2° by 0.2°) compared to GOME-2 and GOSAT SIF data. For all SIF 

data datasets, we used the daily corrected values provided by the respective products. The daily A
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correction transforms instantaneous SIF acquisition at the overpass time to a daily average 

(Frankenberg et al., 2011), and thus ensures comparability among different data sources. 

2.2 Flux tower- and satellite-based GPP products

Two GPP datasets were used, one obtained from the MOD17A2 model (MODIS GPP; Zhao and 

Running, 2010) and one from EC tower upscaling FLUXCOM (Tramontana et al., 2016). The 

MODIS GPP product was derived from an empirical LUE model driven by MODIS measurements of 

fPAR (fraction of Photosynthetically Active Radiation) and LAI (Leaf Area Index) in conjunction 

with meteorological reanalysis datasets (Zhao and Running, 2010). Monthly gridded MODIS GPP 

was provided at 0.05° by 0.05° spatial resolution from 2000 to 2018 across the globe. We aggregated 

this high-resolution dataset to 1° by 1° grids to maintain consistency with the SIF products. The 

FLUXCOM GPP product was derived from training three machine learning algorithms (model trees 

ensemble, artificial neural networks, and multivariate adaptive regression splines and random forests) 

on in-situ data from 224 FLUXNET sites using meteorological measurements and satellite data as 

inputs (Tramontana et al., 2016). The FLUXCOM GPP is available for the 1982-2016 period, with a 

0.5° by 0.5° spatial resolution and a monthly temporal resolution.

We also retrieved site-level flux tower GPP data to test the robustness of results from gridded 

datasets. We only selected sites (1) where the local vegetation type is representative of the dominant 

vegetation type of the corresponding 1° by 1° pixel based on the MODIS land cover map; (2) that 

have an overlapping observation period with the SIF data. Applying these selection criteria led to a 

subset of 53 sites for GOME2 and GOSIF and 49 sites for GOSAT (Figure S1). To derive site-level 

GPP/SIF values, we extracted SIF values for each site from its corresponding 1° by 1° grid cell. Note 

that due to the limited number of flux tower sites that met our criteria, we used all the available 

monthly data during the growing season in this analysis. Min-max scaling (see below) was applied 

separately to the site-month GPP and SIF values before calculating the GPP/SIF. 

2.3 Climate and soil moisture data

Gridded monthly temperature and precipitation data were obtained from the Climatic Research 

Unit (CRU) (Harris et al., 2014) v4.0.1 data set (http://www. cru.uea.ac.uk/data/), produced by the 

University of East Anglia in UK. These climatic data at 0.5° by 0.5° spatial resolution were A
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interpolated from meteorological station observations (Harris et al., 2014). The latest version of the 

CRU climatic data is available for the period 1901-2018, covering the duration of all GPP and SIF 

products. Downward shortwave radiation (SWR) data were derived from the CRUNCEP V8 (Viovy, 

2016), which is a combination of CRU monthly climatology and 6-hourly NCEP reanalysis 

meteorological data. In addition, soil water is the direct source of water supply for plant 

photosynthesis; and soil water content (SWC), which integrates the signal of both temperature and 

precipitation, influences both GPP and SIF more directly than those climatic factors. We used SWC 

data from the European Space Agency (ESA)'s Soil Moisture Ocean Salinity (SMOS) Earth Explorer 

mission processed with the INRA-CESBIO algorithm (SMOS-IC), which is based on the same SMOS 

Level 2 SM algorithm but has more independence from auxiliary data (Fernandez-Moran et al., 2017). 

SMOS-IC version 105 is at a spatial resolution of 25km by 25km, spanning from 1982 to 2018 

(Fernandez-Moran et al., 2017), and its uncertainty at global scale has been evaluated. The quality of 

SMOS-IC data is assured by direct comparison with in situ soil moisture networks (Al Bitar et al., 

2017; Jackson et al., 2012). Finally, we grouped the global land grids into three climate zones based 

on the Köppen–Geiger classification system (Peel et al., 2007). These three climate zones are: the 

tropical region defined as the Köppen-Geiger A (tropical) climate group; the temperate region as the 

Köppen-Geiger B (dry) and C (mild temperate) climate group; and the boreal region as the Köppen-

Geiger D (continental) and E (polar) climate group.

2.4 Analyses 

Because of inherently low signal-to-noise ratio of the SIF measurements and uncertain bias 

correlation in the non-growing season, our analyses focused on the growing season. Here grid-specific 

growing season was derived using the methods described in Zhu et al. (2016), and we calculated 

multi-year mean GPP/SIF ratio during this defined period. To facilitate inter-comparability among 

different data sets, we first normalized each GPP and SIF product by min-max scaling (i.e., making 

GPP or SIF values across the globe within the range of [0,1]). Results derived from non-normalized 

products are also presented to check if the normalization will profoundly change the geographic 

pattern (Figure S2). We then calculated the GPP/SIF ratio (i.e., GPP divided by SIF) using all 

available combinations of GPP and SIF data with overlapping periods. Hence, TROPOMI SIF (since 

March 2018) were only combined with MODIS GPP since currently available FLUXCOM GPP A
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dataset ended at December 2016. We thus obtained seven combinations of GPP/SIF patterns and 

calculated the multi-product mean for further analyses. The different time periods of SIF products can 

be expected to have minor impacts on our study, as we focus solely on the spatial variations. 

Furthermore, to investigate if different growing season lengths may change the observed patterns, we 

also conducted the same analyses with data from only the GPP-peak month (i.e., the month with the 

maximum GPP value over a year). 

In assessing the spatial pattern of climatic control on GPP/SIF, we performed partial correlation 

analyses of GPP/SIF against temperature, precipitation, and shortwave radiation with 9° by 9° degree 

moving windows. We also used a machine learning method (random forest (RF), Breiman, 2001) to 

explain spatial patterns of the GPP/SIF ratio using temperature, precipitation, and shortwave radiation 

as explanatory variables. Machine learning is a modeling solution that differs fundamentally from 

simple regression models and complex simulation models. It is particularly powerful for dealing with 

large-scale multivariable data in which complex relationships exist among predictors (Chen et al., 

2019; Reichstein et al., 2019; Tramontana et al., 2016). The RF model was trained on all vegetated 

grid cells, and then used to predict the spatial pattern of the GPP/SIF ratio from the same set of 

explanatory variables. The performance of this model was evaluated by comparing the predicted 

values against the trained values. The RF model permits an assessment of the importance of 

explanatory variables, through the increase in mean squared error of the RF predictions after 

permuting each explanatory variable (Gregorutti et al., 2017).

3. Results

3.1 Spatial distribution of the GPP/SIF ratio

The spatial distribution of the GPP/SIF ratio, based on the average of different GPP and SIF 

product combinations, showed a striking pattern of high GPP/SIF ratio in the northern high latitudes 

(mostly ~60 °N), and in the tropical rainforests in the Amazon, Congo Basin, and Southeast Asia 

(Figure 1a). By contrast, dry regions, including central Asia, Southwest America, Australia, and 

Southwest Africa, had lower GPP/SIF ratios. As a result, along the latitudinal gradient, the GPP/SIF 

ratio followed a bi-modal hump-shaped curve (Figure 1a left panel). However, for both GPP and SIF A
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individually, their latitudinal distributions displayed unimodal hump-shaped patterns, with peaks 

around the equator (Supplementary Figure S2). In addition, GPP/SIF was more strongly related with 

GPP (R2=0.59) than with SIF (R2=0.28) (Figures 2e, 2f). Finally, the largest uncertainties of GPP/SIF 

occurred in the arid and boreal regions (Figure 1b), sourced from the strong discrepancy of SIF values 

across different satellite products. In arid regions, very low SIF values but large uncertainties indicate 

less reliable relationships between GPP and SIF.

The pattern of high GPP/SIF ratios in the northern high latitudes was generally consistent across 

different GPP and SIF product combinations (Supplementary Figure S2) and that from GPP-peak 

month (Supplementary Figure S3). Note that GPP and SIF values were not normalized in Figures S2, 

indicating that normalization does not change the overall geographic distribution pattern of GPP/SIF 

ratios. Similarly, the consistent geographic distributions of GPP/SIF between the entire growing 

season and the GPP-peak month indicates that growing-season length variation had little influence on 

GPP/SIF patterns. However, a number of different GPP and SIF combinations showed notable 

differences (Supplementary Figure S2). For example, in FLUXCOM-GOSIF, MODIS-GOSIF, and 

MODIS-TROPOMI, the GPP/SIF ratio for tropical rainforests was significantly lower than that for 

northern high latitudes (Figure S2c, S2f, S2g). Drylands, particularly those in Australia, also showed 

unusually high GPP/SIF ratios for GOSIF- or TROPOMI-derived results (Figure S2c, S2f, S2g). 

Furthermore, non-normalized data showed more uneven patterns along latitudinal gradient (Figure 

S2).

3.2 GPP/SIF ratios across the climate space

In climate space, the GPP/SIF ratio decreased from wet-and-cold to dry-and-hot regions for the 

average of all GPP and SIF product combinations (Figure 3), reflecting a gradient of decreasing 

moisture availability. It appeared that the GPP/SIF ratio generally increased with precipitation at a 

given temperature but varied less with temperature when precipitation was fixed (Figure 3). The 

decreasing GPP/SIF trend from wet-and-cold to dry-and-hot was also confirmed by examining 

individual product combinations of GPP and SIF (Supplementary Figure S4), except for the 

combination of FLUXCOM-GOSIF which showed no clear pattern (Figure S4c). In addition, because 

absorbed photosynthetically active radiation (APAR) is directly related to vegetation biogeophysics 

and photosynthetic processes, APAR could also drive the GPP/SIF variations. Indeed, the GPP/SIF A
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ratio showed an even clearer pattern in the APAR-precipitation space, increasing along both the 

APAR and precipitation gradients (Figure 3). 

The dominant role of precipitation in controlling GPP/SIF ratios was further indicated by the 

spatial distribution of the partial correlation coefficients of GPP/SIF against temperature, precipitation, 

and shortwave radiation (Supplementary Figure S5). Partial correlation analyses with moving 

windows showed that the temperature correlation with GPP/SIF varied across different GPP and SIF 

product combinations, with both positive and negative correlation coefficients. Overall, the partial 

correlation between GPP/SIF ratios and temperature tended to be significantly positive (P < 0.05) in 

boreal regions along the ~60°N latitude, but was significantly negative (P < 0.05) in many temperate 

regions (Figure S5a-S5g). For the tropics, the results were mixed depending on the products used 

(Figure S5a-S5g). Similarly, mixed results could be found for the correlations with shortwave 

radiation (Figure S5o-S5u). However, for precipitation, its partial correlation with GPP/SIF ratios was 

overwhelmingly positive (P < 0.05) except for some boreal and tropical regions (Figure S5h-S5n).  In 

addition, SWC was able to explain 47% of the spatial variation in GPP/SIF ratios (Figure S6), 

confirming the primary role of moisture availability in controlling GPP/SIF ratios as revealed in 

Figures 3 and S5.

To further assess this pattern, we conducted the same analyses using site-level flux tower GPP 

and the corresponding original satellite SIF retrievals (Figure 4). Although not as strong as the pattern 

derived from gridded data (Figures 3 and S4), results from site-level analyses confirmed the trend of 

decreasing monthly GPP/SIF with climate changing from cold-and-wet climates to hot-and-dry, 

especially for GOSIF (Figure 4). For GOME-2 and GOSAT products, site-level GPP/SIF was 

primarily controlled by precipitation. 

3.3 Machine learning modelling of GPP/SIF ratios by climatic variables

Using a random forest (RF) machine learning method to model the GPP/SIF ratio with the three 

climatic variables: temperature (TMP), precipitation (PRE), and SWR, the three variables explained 

about 88% of the spatial variations in the GPP/SIF ratio, with PRE the most important explanatory 

variable, followed by SWR and TMP (Figure 5). The high explanatory power of the three climatic 

variables with an RF algorithm was also consistent with that based on individual GPP and SIF product A
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combinations (Supplementary Figure S7), where R2 values varied between 0.72 and 0.88. The highest 

R2 value was found for the FLUXCOM-GOME-2 combination, while the lowest was observed for 

both FLUXCOM-GOSIF and MODIS-GOSIF combinations. The ranking of the relative importance 

by the three climatic variables, PRE>SWR>TMP, was also consistently found across the different 

product combinations, except for FLUXCOM-GOSIF where SWR>TMP>PRE (Figure S7). 

Interestingly, the relative importance of different climatic variables varied across different climate 

zones (Figure 5). Consistent with the global-scale result, the spatial variation of the GPP/SIF ratio in 

temperate regions (including the arid region) was primarily dominated by PRE. However, in boreal 

and tropical regions, it was dominated by TMP and SWR, respectively. This regional divergence of 

dominant factors for the GPP/SIF ratio is consistent with proposed regional climate constraints of 

plant growth (Nemani et al., 2003).     

  

4. Discussion  

The GPP/SIF ratio represents a useful metric for understanding the relationship between the 

GPP and SIF signals, with the latter being increasingly used for understanding photosynthetic carbon 

assimilation at regional to global scales (Xiao et al., 2019a). Here we conducted a global-scale 

investigation on the distribution of the GPP/SIF ratio, and examined its covariation with climatic 

variables. Li et al. (2018a) also examined the relationship between GPP and SIF, but at daily or sub-

daily scales using data from OCO-2 and tower GPP for 64 sites across the globe. They found largely 

invariant GPP-SIF relationships across different biomes. Our research builds on this understanding of 

the GPP-SIF relationships by integrating multiple datasets including both gridded and site-level data, 

and by examining the climatic drivers. In contrast to the findings of Li et al. (2018a), we found that 

the growing season GPP/SIF ratio varied greatly across the global land surface, with high values 

mostly found in boreal regions and tropical rainforests. This large spatial variation of GPP/SIF was 

also observed with different GPP and SIF product combinations, and across the entire growing season 

or for the GPP-peak month, despite divergent spatial patterns with different products. The finding thus 

suggests that the GPP-SIF relationship is not constant, but instead is modified by environmental 

influences. In contrast to Li et al. (2018a) which employed data from 64 site observations at the daily 

or sub-daily level, here we used gridded data integrative of the full growing season covering all the A
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global land. The different spatial and temporal scales may explain the divergent findings between 

these two studies. 

Currently available GPP and SIF products are both known to have large systematic biases, 

particularly when the resolution is coarse (Frankenberg et al., 2014). Such biases could have affected 

the observed GPP-SIF relationship. However, some consistent GPP/SIF geographic patterns with 

different GPP and SIF product combinations and with different time scales (the entire growing season 

versus the peak-growth month), such as the high GPP/SIF ratio in the northern high latitudes, were 

not likely to be impacted by systematic data biases. On the other hand, further investigations are 

needed to understand some divergent patterns of the GPP/SIF ratio across different satellite products. 

For instance, drylands were found to have high GPP/SIF ratios with GOSIF- or TROPOMI products. 

Note from the GPP/SIF scale in Figure S2, the SIF signal seems to be smaller in GOSIF or 

TROPOMI products than that of the other two SIF products. It is thus possible that the SIF signal in 

drylands from GOSIF or TROPOMI products is close to minimum, resulting in high GPP/SIF ratios 

estimated with the two SIF products in these drylands. 

More importantly, despite substantial variation across geographic space and among different 

satellite products, we found that the GPP/SIF ratio showed strong patterns along climatic gradients. 

Particularly, there was a decreasing trend in growing season GPP/SIF from cold-and-wet climates to 

hot-and-dry (i.e., along a gradient of moisture availability). The robustness of our finding was 

generally corroborated by different sets of GPP and SIF data, by results from the peak-growth month, 

and by site-level data analyses. Li et al. (2018a) suggested APAR as the primary factor driving 

GPP/SIF patterns. Indeed, the dominant role of APAR in shaping the variation of GPP/SIF ratios was 

also confirmed by our study (Figure 3). Nonetheless, APAR represents photosynthetically active 

radiation and is directly related to vegetation biogeophysics such as leaf area and plant structure; and 

climate variables are independent external drivers. Thus, the two findings do not contradict each other. 

Furthermore, the varying geometry between satellite sensors and the sun could also affect the signal 

of GPP/SIF across varying climates. However, difference between fluorescence acquisition due to 

different viewing zenith angles is much smaller than that between wet and dry climate zones 

(Biriukova et al., 2020), indicating that moisture control on the GPP/SIF pattern is not an artifact of 

sun-sensor geometry. A
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Since GPP/SIF is an integrator composite of GPP and SIF, mechanistic understanding of the 

observed spatial pattern of GPP/SIF may benefit from examining climatic controls of GPP and SIF 

separately. As Figure 2 shows, the spatial pattern of GPP resembles that of SIF, confirming findings 

of earlier studies (Frankenberg et al., 2011; Guanter et al., 2012; Joiner et al., 2013, Köhler et al., 

2015b; Sun et al., 2017) and indicating that SIF can be a proxy of GPP at broad scales (Porcar-Castell 

et al., 2014; Guanter et al., 2014a). However, spatial concordance between GPP and SIF does not 

necessarily lead to constant GPP/SIF ratios, implying potentially asymmetric impacts of 

environmental variations on GPP and SIF. It is noteworthy that along the latitudinal gradient, while 

both GPP and SIF were unimodally distributed, GPP/SIF showed a bimodal distribution pattern. The 

high GPP/SIF ratio in the boreal region, despite low GPP or SIF, suggests that while temperature is 

arguably the primary factor shaping the latitudinal gradient of GPP or SIF, relatively high 

precipitation in the northern high latitude could contribute more to GPP than to SIF (Jeong et al., 

2012; Zhang et al., 2016c). Moreover, in analyzing climatic controls of global terrestrial productivity, 

Churkina and Running (1998) and Running et al. (2004) suggested that temperature is the primary 

limitation to productivity in high latitudes and solar radiation is the primary limitation in the tropics—

two regional bands that showed highest GPP/SIF ratios. In contrast, when water is the primary 

limitation, the GPP/SIF ratio decreases. Since vapor-pressure deficit is often strongly related to 

precipitation (and influenced by temperature), stomatal response patterns could be key in explaining 

the observed bimodal latitudinal pattern of GPP/SIF ratios. In fact, in a broader climatic space, the 

GPP/SIF ratio decreased from wet-and-cold to dry-and-hot climate (Figures 3 and 4). This GPP/SIF 

pattern along a gradient of moisture availability is consistent with a key role of moisture controlled 

stomatal responses in determining the spatial variations of GPP/SIF ratios. When water is sufficient, 

stomata would be fully open and it is likely that other factors (primarily temperature and solar 

radiation) determine productivity and fluorescence emission symmetrically (Gerber & Häder, 1995; 

Guanter et al., 2010). However, recent studies suggest that under moisture deficits, stomatal closure 

could have asymmetrically larger impacts on GPP than on SIF (Reich et al., 2018; Stocker et al., 

2019). This asymmetric impact of stomatal responses on GPP and SIF indicates that using SIF to 

approximate GPP needs to be carefully evaluated under drought versus normal conditions. 
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Furthermore, Gu et al. (2019) recently developed a novel photosynthesis model, in which GPP 

can be derived from SIF and a few physiological and structural parameters (see Eq. 23 in Gu et al. 

(2019)). In the Gu model, the parameter Cc that describes the CO2 partial pressure inside the 

chloroplast stroma, and the parameter qL representing the fraction of open PSII reaction centers, can 

both be impacted by moisture availability (Gu et al., 2019). Under moisture-stress, reduced stomatal 

conductance can lead to a decrease in both Cc and qL, consequently resulting in reduced GPP/SIF ratio.

Several other parameters in the Gu model are worth noting. For instance, the fluorescence 

escaping probability is negatively related with GPP/SIF. is associated with canopy structure, with 𝜀 𝜀 

more complex canopies having a smaller fraction of escaped fluorescence (Fournier et al., 2012). 

Therefore, a higher GPP/SIF may also imply more complex canopy structures with more layers. This 

canopy complexity can explain the high GPP/SIF in tropical rainforests. For northern boreal forests, 

the high GPP/SIF ratio may be explained by leaf shape. A significant proportion of northern boreal 

forests consist of needleleaf trees which may have a lower fluorescence escaping ratio due to their 

needle leaf shape and clustered leaf arrangement. Interestingly, GPP/SIF ratios were consistently high 

in the boreal region, although both GPP and SIF showed relatively low values in the northern boreal 

region. Many needle leaf species, such as pines, have round leaf shapes. Compared to flat broadleaves 

for which re-emitted fluorescence generally points to similar directions (canopy direction), these 

round leaves can re-emit fluorescence toward all directions (Van Wittenberghe et al., 2015). 

Therefore, for the same amount of excited fluorescence, the satellite-captured escaped proportion is 

likely smaller for needleleaf forests than for broadleaf forests, leading to the higher GPP/SIF ratios in 

needleleaf forests for the same amount of GPP production. Field experiments comparing fluorescence 

escaping proportion across different vegetation types are needed to verify this hypothesis. 

Another key parameter is the ratio of energy for thermal dissipation to that for fluorescence 

emission, kDF. Based on the Gu model, a high fluorescence yield (i.e., a low kDF) will lead to low 

GPP/SIF ratio. However, little information is available on how fluorescence yield may change among 

different vegetation types and across climatic gradients (Guanter et al., 2014b). More field and 

experimental studies are needed to fill this gap on the variation of fluorescence yield. In particular, 

there is a need to explore the responses of different photosynthetic processes (i.e., photochemical 

carbon assimilation (GPP), fluorescence emission (SIF), and non-photochemical quenching (NPQ)) to A
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environmental stresses such as droughts (e.g., Huang et al., 2019; Piao et al., 2017; Sun et al., 2015) 

and shade (e.g., Chen et al., 2014; Gamon & Bond, 2013). A few studies have suggested that stresses 

increase NPQ but reduce GPP more than SIF, leading to reduced GPP/SIF ratios (Hilker et al., 2008; 

Gu et al., 2019). 

In summary, our research based on spatially continuous data for both GPP and SIF evaluated 

the spatial and climatic distributions of GPP/SIF ratios and revealed surprising and important patterns. 

These findings, particularly the decreasing trend of GPP/SIF along a moisture gradient from cold-and-

wet to hot-and-dry environments, are consistently corroborated with different GPP and SIF products. 

While the underlying mechanisms are still largely unknown and further studies are required, we 

hypothesize that from a climatic perspective, moisture-regulated stomatal responses are likely the key 

mechanism determining the spatial variation of GPP/SIF ratios. Furthermore, the high R2 values 

(0.65-0.87) from machine learning algorithms used to model GPP/SIF by temperature, precipitation 

and solar radiation implied that the GPP/SIF ratio can be reliably predicted with these three key 

climatic variables, especially precipitation. Such a high predictability of GPP/SIF provides a useful 

approach to estimate GPP from SIF, and may increase the usefulness of SIF in constraining land 

surface model predictions of vegetation productivity. 
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Figure Legends

Figure 1. Growing season GPP/SIF ratio and its temporal variation over the global land. (a) Spatial 

distribution of averaged growing season GPP/SIF ratio derived from multiple gridded SIF and GPP 

products. Note that both GPP and SIF are normalized before calculating GPP/SIF ratios. Left panel 

shows the change of averaged GPP/SIF values along the latitudinal gradient. (b) Spatial distribution 

of the standard deviation of the ensemble of growing season GPP/SIF ratio. The GPP/SIF ratios are 

calculated as mean GPP from MODIS and FLUXCOM divided by the four SIF products. Similarly, 

the left panel is the change of averaged GPP/SIF values along the latitudinal gradient.

Figure 2. Spatial (a, c) and climatic (b, d) distributions of averaged growing season GPP (a, b) and 

SIF (c, d). Note both GPP and SIF are normalized before calculating GPP/SIF ratios. Left panels on a 

and c shows the change of averaged GPP or SIF values along the latitudinal gradient. (e) The 

relationship between GPP/SIF and GPP. (f) The relationship between GPP/SIF and SIF. The curve 

fitting in panels e and f is based on a quadratic polynomial model.

Figure 3. The distribution of the GPP/SIF ratio in the temperature-precipitation space (a) and in the 

APAR-precipitation space (b). Note that both GPP and SIF are normalized before calculating 

GPP/SIF ratios. We used climate data of the growing season (GS). Each bin is 4°C (temperature) by 

240mm (precipitation), or 5 W m-2 (APAR) by 240mm (precipitation).

Figure 4. The distribution of monthly GPP/SIF during the growing season in the climatic space 

derived from flux tower GPP and corresponding satellite SIF products. Note that both GPP and SIF 

are normalized before calculating GPP/SIF ratios. Each bin is 4°C (temperature) by 20mm 

(precipitation).

Figure 5. Predicted vs observed GPP/SIF by the Random Forest machine learning, for (a) global, (b) 

boreal, (c) temperate and (d) tropical regions, respectively. Here independent variables include 

shortwave radiation (SWR), temperature (TMP) and precipitation (PRE). 
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