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1. Background 

Solar-induced chlorophyll fluorescence (SIF) is closely linked to photosynthesis, and provides new opportunities 

for detecting global Gross Primary Production (GPP). Instantaneous satellite SIF products are usually available only for 

clear-sky condition, which means that there is a temporal inconsistency in the direct link between these and continuous 

carbon flux records.  Therefore, the temporally sparse nature of satellite SIF products has limited the use of SIF in GPP 

estimation.  

Several studies (Frankenberg et al., 2011; Joiner et al., 2016) upscaled the instantaneous SIF to daily sums using the 

clear-sky irradiance (the cosine of the solar zenith angle, cos(SZA)) as a proxy so as to reduce the variability in SIF–GPP 

correlations caused by changes in latitude and season. However, this approach failed to eliminate the effects of changes in 

weather conditions (Hu et al., 2018). Obviously, the CSSIF products were applicable only for clear-sky conditions and 

cannot be used to derive all-sky sums of photosynthetic capacity for a continuous period. The temporal mismatch between 

clear-sky satellite-based SIF and GPP remains an obstacle to a better understanding of the SIF–GPP relationship and the 

monitoring of global GPP.  
To address this issue, we designed an APAR-based method to upscale the GOME-2 SIF (developed by Joiner et al., 

2016) from instantaneous clear-sky observations to all-sky sums, and hereby derived a SIF product for all-sky conditions 

(ASSIF) from GOME-2 at 8-day and monthly intervals during 2007 and 2018. The SIF all-sky upscaling method was 

generated with several explanatory variables, including instantaneous GOME-2 soundings, MODIS vegetation indices, 

and the photosynthetically active radiation (PAR) from the Modern-Era Retrospective Analysis for Research and 

Applications Version 2 (Merra-2). A global 0.5-degree ASSIF product was produced for 2007–2018 at 8-day and monthly 

intervals was introduced and shared here. 

2. Upscaling clear-sky SIF to all-sky sums 

SIF is a directly emitted part of the absorbed photosynthetically active radiation. Similar to the light-use efficiency 

(LUE) concept for photosynthesis, the SIF can be expressed as follows (Berry et al., 2012; Guanter et al., 2014):  

SIF = APAR × LUEf =  APAR × ΦSIF × 𝜀                                                           (1) 

where LUEf  is the effective light-use efficiency of the canopy fluorescence, which is a product of the fluorescence 

quantum yield (ΦSIF) and the fraction of SIF photons escaping from the photosystem level to the canopy level (𝜀).  

Then, the average of instantaneous SIF retrievals (SIFins̅̅ ̅̅ ̅̅ ̅) and the average of all-sky SIF values (SIFall̅̅ ̅̅ ̅̅ ̅) can be 

respectively formulated as: 

   SIFins̅̅ ̅̅ ̅̅ ̅ = ∑PARins × FAPARins ×ΦSIFins × 𝜀ins 𝑁⁄                                                         (2) 

SIFall̅̅ ̅̅ ̅̅ ̅ = ∑PARall × FAPARall ×ΦSIFall × 𝜀all 𝑁𝑁⁄                                                         (3) 

where the subscript ‘ins’ represents the instantaneous moments for clear-sky SIF retrievals and the subscript ‘all’ 

represents the continuous moments for all-sky conditions. The time window for satellite-based SIF averaging is usually 

8-day or monthly period, in which N is the number of instantaneous valid retrievals and NN is the number of all 

continuous moments during the averaging time window (e.g. for 8-day period, it can be set to 192 for one-hour interval). 

Accordingly, the upscaling factor from instantaneous SIF to all-sky SIF can be calculated as 

SIFall̅̅ ̅̅ ̅̅ ̅̅

SIFins̅̅ ̅̅ ̅̅ ̅̅ ̅ =
∑PARall×FAPARall×ΦSIFall×𝜀all 𝑁𝑁⁄

∑PARins×FAPARins×ΦSIFins×𝜀ins 𝑁⁄
                                                                  (4) 

Among the three terms on the right-hand side of Equation (1), APAR has been proved to be the dominate factor 

affecting the diurnal and seasonal variations of SIF. Many ground-based studies (Yang et al., 2015; Yang, et al., 2018; 

Hu et al., 2018) have observed a highly linear correlation between APAR and far-red SIF with an R2 larger than 0.8 

during the growing season of the temperate deciduous forest, rice, or maize. According to the theoretical and modelling 
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analysis in Yang and Van der Tol (2018), the seasonal variations in LUEf is dominated by the fraction of SIF escaping 

the canopy (i.e. 𝜀), which can be mainly affected by the canopy structure, the pigments, and the incident and observed 

geometries. With the quantitative simulated and in-situ experiments, Du et al. (2017) found that for an invariable plant 

type (e.g. planophile or erectophile), the LUEf  has very conservative variation with different chlorophyll content, 

vegetation cover, and solar zenith angle. The fraction of diffuse radiation is more reported to significantly affect the 

LUE of photosynthesis (LUEp) than the LUEf, due to the light saturate of photosynthesis for sunlit leaves (Gu et al., 

2002; Zhang et al, 2020). And the LUEp changes with a range of an order of magnitude greater compared to the change 

of LUEf (Damm et al., 2015, Yang et al., 2015). In addition, according to the mechanistic light response function and 

leaf-scale experiments in Gu et al., (2019), ΦSIF  has a relatively muted sensitivity to variations in environmental 

conditions like light level and temperature due to the compensate effects of the fraction of open PSII reaction centers 

(qL) and the non-photochemical quenching (NPQ). The effect of clouds on APAR can be much greater than that on 

LUEf. Therefore, in this study, within a limited temporal period when the plant’s type remains invariable, we put 

emphasis on the differences of APAR among different weather conditions, and ignore the much lower changes in LUEf. 
Assuming the ΦSIF and 𝜀 are constant during a month, Equation (4) can be simplified as: 

SIFall̅̅ ̅̅ ̅̅ ̅̅

SIFins̅̅ ̅̅ ̅̅ ̅̅ ̅ =
∑PARall×FAPARall 𝑁𝑁⁄

∑PARins×FAPARins 𝑁⁄
                                                                 (5) 

Considering the uncertainty in the inversed variable products (i.e., FAPAR), it was replaced by a direct observed 

remote sensing variable. Previous studies have demonstrated that the FAPAR can be directly quantified by spectral 

vegetation indexes such as NDVI and EVI, and can be estimated using an VI-based linear stretching model (Sellers et 

al. 1994; Jiang et al. 2002; Liu et al., 2017b). According to the simulation experiment conducted by Liu et al. (2020), 

NDVI is significantly correlated to FAPAR with an R2 of 0.914; the intercept in the NDVI-based linear regression model 

is very small (0.004), compared to its slope (1.008).  Therefore, FAPAR in equation (5) can be replaced by NDVI. Since 

EVI is more sensitive to dense vegetation conditions than the NDVI (Huete et al., 2002), it was selected as a satellite-

based proxy of FAPAR to denote the changing of vegetation conditions in this study. Accordingly, the all-sky SIF at 

both monthly (ASSIFmon) and 8-day (ASSIF8d) intervals can be upscaled from instantaneous clear-sky SIF by as follows: 
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where SIFins was derived from the GOME-2 level-2 SIF datasets at clear-sky (less than 30% cloud fraction) measurement 

instants, PARins is the estimated PAR for these instants, derived from the Merra-2 meteorological data, and EVIins is the 

8-day MODIS EVI closest to these instants. D and M are the numbers of valid retrievals within each 0.5° cell during the 

8-day and monthly period, respectively. Note that the time window between ∑SIFins and ∑PARins ∙ VIins is the same, 

i.e. both during one month or both during 8 days, and the valid instants during such time window involved in the 

calculation of them two also keep equal. 

To reduce the propagation of errors from global datasets, several rules were set during the processing of satellite 

SIF upscaling. First, the VI was not involved in the model if the grid cell had low vegetation coverage (i.e. the averaged 

EVI was less than 0.2) for the generation of ASSIF at both 8-day and monthly scales. Second, if the recorded samples 

of the satellite-based SIF during 8-day period is very limited, we use all the valid SIF retrievals during one-month period 

to determine the 8-day SIF, which will decrease the uncertainties resulted from the noised SIF signals. For the generation 

of 8-day ASSIF, if D was larger than the threshold (D0), the time window for the averaging of SIFins values was set to 

8 days, and correspondingly, the time window for the averaging of ∑PARins ∙ VIins. In this way, the VI terms in the 

numerator and denominator cancel out (see the third fraction of Equation (6)), since 8-day EVI was used in the model 

by ignoring the variation of EVI within such time scale. Otherwise, the time window for the averaging of SIFins values 

was extended to a month, in order to compromise the errors from limited SIF retrievals during 8 days. Based on our test 

made with the 2007–2018 GOME-2 datasets, the values of M and D change a lot across different latitudes with the mean 
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of about 15 (5) and the maximum of nearly 100 (50), respectively. The threshold D0 was set to 5 to satisfy the needs of 

both smoothness and validity. 

 

3. Spatial comparison among different SIF products  

Three 8-day and monthly SIF products were generated in this work, including the original averaged SIF (OSIF), 

which was produced by simple mathematical averaging, and the clear-sky upscaled SIF (CSSIF) (Frankenberg et al., 

2011; Joiner et al., 2016) and ASSIF, which were generated based on Equation (4). We first compared the spatial 

distribution of the 8-day SIF products: Fig. 1 displays the spatial distribution of OSIF8d and ASSIF8d for two 8-day 

periods (the 137th day in 2007 and the 225th day in 2014). The negative 8-day SIF values were excluded in the map. It 

is obvious that the ASSIF8d products can fill the spatial gaps in the current OSIF8d because the temporal window has 

been extended from 8 days to one month for grid cells that do not have valid SIF soundings during the relevant 8-day 

period.  

 
Fig. 6. Spatial distribution of the OSIF8d (a,c) and ASSIF8d (b,d) for the 137th day in 2007 and the 225th day in 2014 

To analyze the differences between CSSIF and ASSIF across the globe, we then calculated the adjusted relative 

difference, a_REsifyear, between CSSIFyear and ASSIFyear, as well as the absolute difference between them two (∆SIF). 

Fig. 2 shows ∆SIF and a_REsifyear for 2010 along with the cloudiness index map for the year. The negative yearly SIF 

values were excluded in the SIF map. In general, CSSIF is higher than ASSIF for most grid cells across the globe, 

producing a ∆SIF from -0.051 to 0.135 mW/m2/nm/sr. The ∆SIF values were positive for most grid cells, especially for 

humid regions. But due to the occasional SIF retrievals made on cloudy days, a few negative ∆SIF values also exist. 

More importantly, the global a_REsifyear and ∆SIF map has a similar spatial distribution to the annual CloudI map. In 

particular, the overestimation in CSSIF compared with ASSIF is more obvious for more humid regions where the 

cloudiness index is larger than 0.5. 
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 Fig. 2. Spatial differences between ASSIFyear and CSSIFyear products for 2010, with the map of the cloudiness index 

shown for comparison 
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