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Abstract

:

Solar-induced chlorophyll fluorescence (SIF) has been recognized as a proxy of gross primary production (GPP) across various terrestrial biomes. However, the effects of low temperature on SIF and GPP among different plant function types (PFTs) have not yet been well-explored. To gain a better understanding of the relationship between SIF and GPP, we investigated the variation in the GPP/SIF ratio in response to low-temperature conditions using satellite and tower-based datasets. Based on the TROPOMI SIF product and FLUXCOM GPP data, we found that the SIF and GPP exhibited consistent seasonal and spatial patterns, while the GPP/SIF ratio differed for different PFTs. The GPP/SIF ratio for forest types was generally higher than 10 gC·d−1·mw−1·nm·sr, whereas the GPP/SIF ratio for grass and crop types was generally lower than 10 gC·d−1·mw−1·nm·sr. In addition, there were noticeable differences in the seasonal pattern of the GPP/SIF ratio between the selected samples that experienced low-temperature stress (below 10 °C, defined as group A) and those that grew under relatively warm conditions (above 10 °C throughout the year, defined as group B). The GPP/SIF ratio for group A generally exhibited a “hump-shaped” seasonal pattern, and that for group B showed a slightly “bowl-shaped” seasonal pattern, which means it is important to consider the effects of temperature on the SIF-GPP relationship. Through linear regression and correlation analysis, we demonstrate that there was a positive correlation between the GPP/SIF ratio and temperature for group A, with a wide temperature range including low-temperature conditions, indicating that, in this case, temperature affected the SIF–GPP relationship; however, for group B—with a temperature higher than 10 °C throughout the year—the GPP/SIF ratio was not consistently affected by temperature. The response of GPP/SIF to low temperature stress was confirmed by tower-based observations at a C3 cropland (C3CRO) site and a boreal evergreen needleleaf forest (BoENF) site. Although the relationship between the GPP/SIF ratio and temperature differed among PFTs, the GPP/SIF ratio decreased under low-temperature conditions for PFTs. Therefore, the GPP/SIF ratio was not constant and was largely influenced by low temperature for different PFTs, thus highlighting the importance of incorporating temperature into SIF-based GPP estimation.
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1. Introduction


Large uncertainties occur in the estimation of global terrestrial photosynthesis flux, which is the largest component of the global carbon cycle [1,2]. Solar-induced chlorophyll fluorescence (SIF) is directly related to the light reaction processes of photosynthesis [3], and provides a new way to more accurately map gross primary production (GPP). A large number of studies have found that SIF tracks GPP well at different temporal and spatial scales [4,5,6,7]; however, the SIF–GPP relationship is largely dependent upon the biome and climate [8,9]. How the relationships between SIF and GPP with respect to different plant functional types (PFTs) are influenced by various environmental conditions remains under-explored.



As both SIF and GPP are driven by absorbed photosynthetically active radiation (APAR), the light use efficiency (LUE) model has been successfully used to model the relationship between SIF and GPP [10,11]. Indeed, a large number of studies have found that the SIF presents a strong linear relationship with GPP at large temporal and spatial scales [12,13,14]. However, it has been shown that SIF is more strongly related to APAR than to photosynthesis [15,16], and the relationship between SIF and GPP is modulated by other processes [17,18,19]. The energy absorbed by chlorophyll molecules can be dissipated through photochemical quenching (PQ), non-photochemical quenching (NPQ), and SIF at the leaf level [20]. SIF is directly related to the light reaction, whereas the potential mechanistic link between SIF and the linear electron transfer rate needed for carboxylation processes is the key point linking SIF to GPP [3,21]. The differences in carbon reaction between C3 and C4 species may result in the different slopes of SIF and GPP [7,22]. At the canopy level, the canopy-observed SIF is only part of the total SIF emitted from the chlorophyll molecules, due to scattering and reabsorption effects [18,23,24,25]. The canopy structure and chlorophyll content also affect the SIF–GPP relationship in some aspects [26,27,28,29,30]. Therefore, these interactions make the SIF–GPP relationship complex [2,31]. The responses of SIF and GPP to varying environmental conditions across ecosystems remain unknown, resulting in uncertainties in the estimation of global GPP based on SIF.



The effects of environmental conditions on the relationship between SIF and GPP have become a state-of-the-art topic. As SIF emitted from photosystem II (PS II) is directly linked to the photosynthetic activity, it is strongly affected by environmental conditions [7,32]. The proportion of energy allocated to each energy-dissipated pathway will vary under different environmental conditions [33,34]. In addition, the differences in light and carbon reactions in response to changing environmental conditions will also affect the SIF–GPP relationship [35,36]. A large number of studies have reported that SIF and GPP respond differently to light intensity [21,37,38] at both leaf and canopy levels, where the ratio of GPP to SIF decreased with increasing light intensity. Although SIF can partly track the down-regulation of GPP under drought conditions [39,40], drought stress also affects the SIF–GPP relationship [41,42]. The incongruity of light and carbon reactions and the complex energy distribution under stress conditions may contribute to the different sensitivities of SIF and GPP in response to drought stress [3,21].



Recent studies have begun to explore the responses of SIF and GPP to temperature [40,43]. Song et al. [44] found that satellite SIF allowed for early detection of the response of winter wheat to heat stress, and could provide a larger physiology-related stress response than APAR and traditional vegetation indices (e.g., the enhanced vegetation index; EVI) during heatwave events. Kimm et al. [45] quantified the effects of high-temperature stress on canopy photosynthesis and demonstrated that SIF responded sensitively to the physiological down-regulation of GPP based on a high-temperature experiment in a soybean field. Kim et al. [46] explored the relationship between SIF and GPP in a temperate evergreen needleleaf forest during the fall transition, and they found that LUE reached saturation at high air temperatures, whereas the chlorophyll fluorescence yield (ФF) did not saturate. In addition, Magney et al. [9] reported that both SIF and GPP in a boreal evergreen needle forest (BoENF) tracked with each other in a consistent, dynamic fashion in response to low temperature. Furthermore, they pointed out that, compared to traditional vegetation-index-based methods, SIF—being directly related to needle physiology—has the unique ability to capture GPP seasonality. It should be pointed out that the photochemistry quantum efficiency of PS II is not significantly affected by temperature at low light intensity, and that the temperature has a direct effect on the kinetics of enzymes involved in carbon reactions [47]. Therefore, different light, moisture, or temperature conditions likely affect the SIF–GPP relationship to some degree [3].



Temperature has large effect on photosynthesis, and the effects of temperature on photosynthetic activities vary with the plant species [35,48]. The response of photosynthesis to low-growth-temperature conditions depends largely on the original distribution of the species [49]. Plants can be classified as species adapted to cold environmental conditions and species adapted to warm conditions (e.g., tropical or sub-tropical conditions). Some studies have reported that there is a striking difference between those two groups, considering the effect of low temperature on photoinhibition [50,51]. However, to date, the influence of low temperature on the SIF–GPP relationship for different PFTs has not been well-explored [9,21,52].



Launched on 13 October 2017, the TROPOspheric Monitoring Instrument (TROPOMI) on board the Copernicus Sentinel-5 Precursor satellite (S5P) is the first of the atmospheric composition Sentinels, which has relatively fine temporal and spatial resolution [25,53]. Due to its relatively fine resolution and its ability to take more spatially continuous measurements than other SIF-related satellites, the SIF retrieved from TROPOMI has been widely used to explore the seasonal variations in GPP, enhancing its ability to detect environmental stresses [14,54]. Tower-based continuous observations also provide reliable data for the study of diurnal and seasonal changes in SIF, as well as its relationship with GPP under various environmental conditions [7,9,55,56,57]. Therefore, continuous reliable satellite and tower-based data were considered to support our study regarding the effects of temperature on the SIF–GPP relationship for different PFTs.



In this study, the influences of low temperature on the SIF–GPP relationship were assessed using both satellite and tower-based observations. We investigated the relationship between the GPP/SIF ratio and temperature for different PFTs in order to address the following specific issues: (1) What are the differences in the SIF–GPP relationship under different growth temperature conditions? (2) How do these relationships vary between PFTs? and (3) What is the potential influence of low temperatures on the GPP/SIF ratio?




2. Materials and Methods


2.1. TROPOMI SIF


The single payload of TROPOMI mounted on the Sentinel 5 Precursor (S-5P) satellite has a near-polar, sun-synchronous orbit. TROPOMI SIF has a repeat cycle of 16 days in the nadir direction, and its equatorial overpass time is ~13:30 local time [54], similar to that of OCO-2. Compared to OCO-2, the wider swath (~2600 km) and higher number of observations per second of TROPOMI make it feasible to generate near-daily gridded SIF products at relatively fine temporal and spatial resolution [25]. Recently, TROPOMI SIF has successfully been retrieved using a data-driven approach based on principal component analysis in the atmospheric windows of 735–758 nm and 743–758 nm for the far-red SIF [53].



In this study, we used the ungirded TROPOMI far-red SIF (743–758 nm) from February 2018 to December 2020 (https://s5p-troposif.noveltis.fr/data-access/, assessed on 1 December 2021). In order to eliminate the influences of different solar illumination geometry on the SIF magnitude, by applying a day-length correction factor, the instantaneous TROPOMI SIF was converted to a daily average [58]. In addition, SIF observations with a cloud fraction higher than 0.2, view zenith angle (VZA) over 15°, and solar zenith angle (SZA) larger than 70° were excluded in order to reduce the effects of clouds and the observational geometry [19,59,60]. Finally, the filtered SIFs were averaged at 0.25° × 0.25° spatial resolution and 8-day temporal resolution (Figure 1b).




2.2. FLUXCOM GPP


Based on machine learning, the CO2 flux measurements from the FLUXNET eddy covariance towers, merged with remote sensing and meteorological data, have successfully been used to produce global gridded carbon flux data (FLUXCOM GPP) [61]. The FLUXCOM GPP includes two datasets: (1) one at 0.0833° resolution, using Moderate Resolution Imaging Spectroradiometer (MODIS) remote sensing data (abbreviated as RS); and (2) another at 0.5° resolution, using remote sensing and meteorological data (abbreviated as RS + METEO) [62,63]. The dataset is available at ftp://ftp.bgc-jena.mpg.de/pub/outgoing/FluxCom (assessed on 1 December 2021). In this study, we used the FLUXCOM GPP global product (RS_V006) at a temporal resolution of 8 days and a spatial resolution of 0.0833°, the good performance of which for carbon fluxes has been revealed by cross-validation [64]. To match the SIF dataset, we obtained the FLUXCOM (RS_V006) GPP from February 2018 to December 2020 and resampled it to 0.25° × 0.25° (Figure 1a).




2.3. ERA5 Re-Analysis Dataset


Using the laws of physics to combine model data with observations from across the world, the European Centre for Medium-Range Weather Forecasts (ECMWF) generates a global complete and consistent re-analysis dataset. In this study, we used the fifth generation of the European Re-analysis dataset (ERA5), which has been proven to be relatively reliable for the analysis of land changes [65,66]. ERA5 provides hourly estimates at a spatial resolution of 0.25 degrees for a large number of land-surface quantities.



The surface temperature of air at 2 m (Ta), measured in kelvin (K), can be converted to degrees Celsius (°C) by subtracting 273.15 [67]. The daily mean Ta (in °C) was obtained by averaging the temperature over 24 h. Similarly, we obtained the daily mean dewpoint temperature (Tdew; in °C). The vapor pressure deficit (VPD; in kPa) can be calculated by converting Ta and Tdew to the vapor pressure [68]. We used the VPD for the indication of drought conditions. The accumulated solar shortwave radiation (J·m−2) reaching a horizontal plane at the surface of the earth should be divided by the accumulation period, expressed in seconds, and then multiplied by 0.46 to obtain the daily averaged PAR (W·m−2) [69]. The PAR, measured in units of energy (W·m−2), was then converted to units of matter (umol·m−2·s−1). Similarly, we averaged the climate environmental variables over 8 days to obtain a dataset with 8-day temporal resolution (Figure 2b).




2.4. PFTs Map and Selection of Homogeneous Samples


To better understand the response of the GPP/SIF ratio to temperature under different PFTs, we used a vegetation map including 14 vegetated PFTs (Figure 2a). The vegetation map was produced by the European Space Agency (ESA) Climate Change Initiative (CCI) Land-Cover (LC) products, Land-Use Harmonization (LUH2), and an additional partitioning C3/C4 vegetation map using the cross-walking approach [70,71].



The selection of homogeneous samples was performed on the CCI PFTs map, with a spatial resolution of 0.25° × 0.25° for each PFT. To ensure sufficient PFT homogeneity and sufficient temporal sampling of the pixels, the selected samples had to satisfy prescribed selection criteria. The clustering approach was used to select samples for each PFT, referring the study of Bacour et al. [8]. Only pixels with (1) a fraction of dominant PFT over 50% (Figure 2a), (2) distribution in the North Hemisphere, and (3) at least eight TROPOMI SIF observations for the year 2020 were selected. The reason why only samples distributed in the Northern Hemisphere were selected was to avoid the seasonal pattern differences between the Northern and Southern Hemispheres; additionally, the samples distributed in the Northern Hemisphere contained most vegetation types.



In addition, as some PFTs were distributed in regions with different temperature conditions, some of the selected samples of each PFT experienced low-temperature conditions, while others grew in relatively warm conditions. Some studies have reported that most photosynthetic activities are limited at temperatures below the “biological zero”, which is defined as the minimum development temperature and is generally recognized to be in the range of 5–10 °C, depending on the species and climate [72,73,74]. In this study, we recognized temperatures below 10 °C as low-temperature conditions. Therefore, the selected samples of each PFT were further classified into two groups: one group experienced low-temperature conditions (below 10 °C) and had more than 8 observations below 10 °C in the year 2020 (defined as group A) (Figure 3a); the other group grew under temperatures above 10 °C throughout the year 2020 (defined as group B) (Figure 3b). Finally, the spatial distribution of groups A and B for each PFT can be seen in Figure 3. The number of selected homogeneous samples for each PFT can be found in Table 1; it should be noted that not all PFTs belonged to both group A and B.




2.5. Tower-Based Observations


The relationship between GPP/SIF and temperature was also examined using tower-based observations of two overwintering plants, including winter wheat (C3CRO) and boreal evergreen needleleaf forest (BoENF).



The tower-based observations of winter wheat were conducted at the Xiao Tangshan Farm (XTS, 40.18°N, 116.44°E; Figure 3a) in north Beijing, China [7]. The canopy SIF and GPP measurements at the XTS site covered the period from September 2020 to June 2021. The dataset of a subalpine conifer forest at Niwot Ridge (40.03°N, 105.55°W) covered the period from 21 June 2017 to 29 June 2018 (Table 2). Therefore, both the XTS and Niwot Ridge sites experienced low-temperature conditions during the over-wintering period. Similar to the SIF retrieval method used by Magney et al. [9], SIF retrievals at XTS were also conducted using the differential optical absorption spectroscopy (DOAS) method at the far-red band. The fluxes of GPP and ecosystem respiration (Re) were partitioned from net ecosystem exchange (NEE) based on night-time partitioning algorithms (Reichstein et al., 2005). For more details about the spectrometric instrument used, please refer to the studies of Du et al. [75] and Grossman et al. [76].




2.6. Data Analysis


Negative SIF values were excluded from the analysis, as well as the SIF values greater than 1.5 W·m−2·nm−1·sr−1. Measurements outside the range μ ± 3σ (where μ and σ are the mean and standard deviation, respectively) were also not considered. The filtered data were classified into 14 PFTs, and each PFT was grouped into subset A or subset B, based on the selection criteria described in Section 2.4. Linear regression analysis was conducted to explore the relationship between SIF and GPP in response to temperature. In addition, in order to remove the potential influence of other environmental variables (e.g., PAR and VPD), we conducted partial correlation analysis to study the influence of temperature conditions on the GPP/SIF ratio.





3. Results


3.1. Seasonal Patterns of SIF and GPP across PFTs


From Figure 1, we can see that the spatial variation in SIF was consistent with that of GPP, indicating that SIF has the ability to track GPP at the global scale. In addition, the seasonal patterns of SIF and GPP for different PFTs are important for our understanding of the responses of SIF and GPP to temperature.



It can be seen that SIF had a similar seasonal pattern to GPP for each PFT in the Northern Hemisphere (Figure 4). Although SIF tracked the GPP well for different PFTs, the seasonal patterns of SIF and GPP were largely influenced by environmental conditions. For tropical regions, although TrEBF, TrDBF, and TrC3GRA grew under relatively comfortable temperature conditions (Figure 5), SIF and GPP of TrEBF did not exhibit an obvious seasonal change, compared to that of TrDBF and TrC3GRA. The seasonal variations in SIF and GPP for TrDBF and TrC3GRA may have been largely influenced by the VPD, which varied with the change from dry to wet seasons (Figure 5). Compared to TeENF and TeDBF, SIF and GPP for TeEBF did not show a more intense seasonal pattern, as air temperature and PAR for TeEBF did not significantly change during the growing period (Figure 5). For Boreal regions, BoENF, BoDBF, BoDNF, and BoC3GRA generally experienced low-temperature stress (less than 10 °C; Table 1). We can see that the magnitude of SIF and GPP for BoENF, BoDBF, BoDNF, and BoC3GRA decreased when the temperature decreased during the over-wintering period. As different PFTs have different growth temperature conditions, the seasonal variations in SIF and GPP for different PFTs responded differently to temperature.



In addition, due to their varying geographical distribution, some PFTs were not only distributed at places where relatively warm conditions prevailed throughout the year, but also in places where low-temperature stress could occur. For example, C3CRO distributed at low latitudes generally grew under relatively warm conditions, while those distributed at high latitudes experienced low-temperature stress (Figure 3). These data provide us with a chance to study the variations in SIF and GPP in response to temperature.




3.2. Relationships between Satellite-Based SIF and GPP for Different PFTs


To evaluate the performance of SIF, in terms of estimating GPP for different PFTs, we compared the relationships between TROPOMI SIF and FLUXCOM GPP using the selected samples detailed in Table 1 and Figure 3. We also explored the effect of temperature on the SIF–GPP relationship for TeC3GRA, C4GRA, and C3CRO, which had both group A and group B samples, using a linear regression approach with no intercept. The selected samples in group A experienced low-temperature stress (less than 10 °C), while those in group B did not.



From Figure 6, we can see that the SIF showed a strong correlation with GPP in almost all PFTs. In addition, Figure 7 shows the statistical metrics of GPP, SIF, and their ratio for different PFTs. The results indicate that, although the magnitude of SIF across PFTs was consistent with the GPP (Figure 7a,b), the GPP/SIF ratio differed for different PFTs (Figure 7c). Notably, the GPP/SIF ratio for forest types was generally higher than that of grass and crop types.



Noticeably, the SIF–GPP relationship in group A (with a temperature below 10 °C) showed a lower slope than that in group B (with a temperature above 10 °C throughout the year). For example, considering TeC3GRA, the slope between SIF and GPP for group A (slope = 7.466) was lower than that for group B (slope = 8.199); see Figure 8. Similar results can be observed in C4GRA and C3GRO. The relatively lower slope between SIF and GPP for group A of TeC3GRA, C4GRA, and C3GRO than that for group B may be due to the differing temperature responses of SIF and GPP. Therefore, the SIF–GPP relationship seems to be affected by the temperature.




3.3. Effects of Low Temperature on the GPP/SIF Ratios for Different PFTs


From above results, we can see that temperature conditions affect the SIF–GPP relationship in some aspects. To further explore the different responses of SIF and GPP under low-temperature conditions, we investigated the relationship between the GPP/SIF ratio and temperature for different PFTs using both the satellite and tower-based data.



3.3.1. Global Satellite Dataset


As can be seen from Figure 9, we found that the seasonal pattern in the GPP/SIF ratio differed among PFTs. For tropical regions, TrEBF, TrDBF, and TrC3GRA generally exhibited a slightly “bowl-shaped” seasonal pattern for the GPP/SIF ratio. For temperate regions, TeEBF similarly presented a “bowl-shaped” seasonal variation in the GPP/SIF ratio, while the seasonal patterns of TeENF and TeDBF exhibited a slight “hump-shape”. For Boreal regions, BoENF, BoDBF, BoDNF, and BoC3GRA generally showed a clear “hump-shaped” seasonal pattern for the GPP/SIF ratio. In addition, the seasonal pattern of the GPP/SIF ratio for C4GRA, C3CRO, and C4CRO generally presented a “bowl-shape”. By reducing the effects of the canopy structure, the ratio of GPP to the total SIF (calculated as SIF divided by the escape probability; see the Supplementary Materials) also showed a “hump-shaped” pattern for many PFTs, while the “bowl-shaped” seasonal pattern was largely corrected, except for C4CRO (Figure S1).



Groups A of TeC3GRA, C4GRA, and C3GRA generally experienced more low-temperature stress than group B. From Figure 10, we can see that group A of TeC3GRA, C4GRA, and C3GRO generally showed a clear “’hump-shaped” seasonal pattern for the GPP/SIF ratio, whereas the corresponding B groups generally exhibited a slightly “bowl-shaped” seasonal pattern for the GPP/SIF ratio. It should be noted that the seasonal variations in the GPP/SIF ratio were affected by growth temperature conditions. For C3CRO, although all samples together exhibited a “bowl-shaped” seasonal pattern for the GPP/SIF ratio, group A separately exhibited a “hump-shaped” seasonal pattern. By reducing the effects of the canopy structure (Figure S2), a similar “hump-shape” can be observed in group A. Therefore, there were noticeable differences in the seasonal patterns of the GPP/SIF ratio between the selected samples that experienced low-temperature stress and those that grew under relatively warm conditions.



The influence of temperature conditions on the SIF–GPP relationship was further investigated using a linear regression and correlation analysis method. From Figure 11, we can see that the relationship between the GPP/SIF ratio and temperature differed among PFTs; however, the GPP/SIF ratio generally decreased under low-temperature conditions for some of those PFTs which experienced low-temperature stress. The GPP/SIF ratio generally exhibited a positive correlation with temperature in group A among the PFTs, while the GPP/SIF ratio in group B had no significant relationship with temperature (Figure 11; Table 3).



By separately controlling PAR and VPD, the partial correlation coefficients of the GPP/SIF ratio with temperature also demonstrated that the GPP/SIF ratio varied with temperature (Table 3). The GPP/SIF ratio in group A was found to be strongly positively correlated with temperature in the boreal region, where low-temperature stress conditions were more likely.



To better understand the differences between SIF and GPP in response to temperature, we further analyzed the correlation between the GPP/SIF ratio with temperature in groups A and B of TeC3GRA, C4GRA, and C3CRO, which had samples in both groups. From Figure 12, we can see that the slopes between the GPP/SIF ratio and temperature in group A were positive, while those in group B were negative. The distribution of the GPP/SIF ratio for the data when the temperature was above 10 °C differed from that obtained when temperature was below 10 °C (Figure 13). Therefore, the satellite data indicated that the GPP/SIF ratio was largely influenced by temperature conditions for different PFTs, and generally decreased in response to low-temperature conditions.




3.3.2. Tower-Based Dataset


Considering the tower-based observations, we can see that SIF tracked the GPP well during the over-wintering period for both the XTS (Figure 14a,c) and Niwot Ridge sites (Figure 14b,d). The GPP/SIF ratio in winter wheat (C3CRO) increased with temperature (Figure 14e); however, the GPP/SIF ratio in BoENF only increased with temperature when the temperature was below 10 °C. When the temperature was above 10 °C, the GPP/SIF ratio in BoENF decreased with temperature (Figure 14f). Therefore, the response of the GPP/SIF ratio to high temperatures might differ for different PFTs, which was different from the satellite results. This result needs to be further examined and verified. Nevertheless, the GPP/SIF ratio decreased under low-temperature conditions (below 10 °C) for both C3CRO and BoENF, consistent with the satellite results. The lower seasonal changes in the canopy structure and chlorophyll content in BoENF provide reliable evidence that the GPP/SIF ratio is associated with the changes in physiological factors influenced by a low temperature. The results also demonstrate that low temperatures affect the SIF–GPP relationships and highlight the importance of incorporating the effects of temperature into SIF-based GPP estimation.






4. Discussion


4.1. Why Does the GPP/SIF Ratio Decrease at Low Temperatures


Using satellite and tower-based data, we observed strong seasonal patterns in the GPP/SIF ratio and obvious differences in the GPP/SIF ratio for different PFTs. Although the SIF had a consistently seasonal pattern with GPP across different vegetation types, we found that there were noticeable differences in the seasonal patterns of the GPP/SIF ratios between the selected samples that experienced low-temperature stress (below 10 °C) and those that grew under relatively warm conditions (above 10 °C) (Figure 9 and Figure 10). The GPP/SIF ratio was generally positively related to temperatures below 10 °C, but did not consistently respond to temperatures above 10 °C (Figure 8, Table 2). For regions where low-temperature conditions do not occur (e.g., tropical regions), temperature may not be a factor limiting the GPP/SIF ratio (Figure 5 and Figure S1; [41,77]). Due to the selected samples in group A generally experiencing low-growth-temperature conditions (e.g., boreal ecosystems), with decreasing temperature, the GPP decreased faster than the SIF, and, hence, the GPP/SIF ratio declined again (Figure 9 and Figure S1; [42]). In addition, the tower-based measurements indicated that the response of the GPP/SIF ratio to high temperatures differed with different PFTs, which is inconsistent with the results obtained based on satellite data (Figure 11, Figure 12 and Figure 14e,f). However, the GPP/SIF ratio decreased at low temperatures (below 10 °C) for both C3CRO and BoENF in the results based on both satellite and tower-based observations. Small seasonal changes in canopy structure and chlorophyll content in BoENF also provide reliable evidence that the GPP/SIF ratio is related to changes in physiological factors affected by low temperatures. The GPP/SIF ratio generally had a low value at low temperatures, suggesting that the SIF–GPP relationship should be not assumed to be constant across PFTs and climates [1,57,78].



The reason why the GPP/SIF ratio decreases under low-temperature conditions may be attributed to the physiological differences between SIF and GPP in response to low temperature [21,79]. As SIF is closely related to light reactions, the differences between light and carbon reactions in response to environmental pressure may affect the SIF–GPP relationships [27,35,36]. Low temperatures impose thermodynamic constraints, slowing the enzymes related to the activities of the Calvin cycle. The decrease in photosynthetic enzyme activity with low temperature might explain the faster decrease in GPP than SIF, thus decreasing the GPP/SIF ratio [34]. In addition, the potential change of distribution in the absorbed energy among PQ, NPQ, and SIF may be another factor affecting the SIF–GPP relationship under low-temperature conditions [5]. Some studies have reported that the proportion of energy allocated to each energy-dissipated pathway is not constant under different environmental stresses [33]. Under low-temperature conditions, the light-harvesting complex (LHC) cannot completely utilize the absorbed light for CO2 fixation [49]. NPQ is an important photoprotective mechanism that plays a role in protecting photosystem II (PSII) from damage under low-temperature conditions [16,46]. Under NPQ changes, the dynamic range of PSII yields is much larger than that of the SIF yields, whereas sustained NPQ and deactivation of photosystems under low-temperature conditions may result in a reduction in SIF yields [9]. As SIF is mainly emitted from the chlorophyll molecules of PSII, a decrease in PSII productivity due to environmental stresses causes a chain of different protection mechanisms, which eventually decreases SIF [47,80,81,82]. Therefore, the potential physiological differences between SIF and GPP may explain why the GPP/SIF ratio decreased under low-temperature conditions.




4.2. Uncertainties and Limitations


In our study, we found that the GPP/SIF ratio differed for 14 vegetated PFTs using the TROPOMI SIF product and FLUXCOM GPP data. The GPP/SIF ratio for forest types was generally higher than that of grass and crop types, which is not consistent with previous research [58]. Li et al. [58] reported that there was a generally consistent slope of the SIF-GPP relationship among biomes using the OCO-2 SIF and flux tower GPP data. The reason why our results are not consistent with previous research may be as follows: (1) the different datasets used in research; (2) different biome types, as we used a vegetation map produced from CCI LC, LUH2 and a C3/C4 vegetation map, while Li et al. [58] used the MODIS Land Cover Type product (MCD12Q1) based on the University of Maryland (UMD) classification scheme; and (3) different linear fitting methods, as we used a linear regression with no intercept, while Li et al. [58] used a linear regression with an intercept. Theoretically, SIF is related to GPP through the coordinate origin. In addition, we found that the slope between GPP and SIF for C4CRO was lower than that for C3CRO, which is not consistent with the results of Li et al. [58]. In our study, the selected samples of C4CRO were mainly distributed at tropical regions (Figure 3) and could experience temperature and water stress. SIF is mainly driven by APAR and is also influenced by environmental stress (temperature and water stress), which determines photosynthetic light use efficiency (LUE). Therefore, both SIF and GPP for selected C4CRO samples had a lower value than that for selected C3CRO (Figure 3). Some studies have reported that the slope between GPP and SIF for C4CRO was generally higher than that for C3CRO [7,58]. However, the potential influences of environmental conditions and the distributions of different PFTs are ignored. In addition, less C4CRO samples were used, which may also have resulted in some uncertainties in our study.



The potential physiological changes caused by low-temperature conditions may result in the decrease in the GPP/SIF ratio in response to low temperatures. Group A of each PFT generally experienced low-temperature stress (below 10 °C), whereas group B of each PFT generally experienced relatively optimal temperature conditions (above 10 °C). In this study, we demonstrated that the seasonal patterns of the GPP/SIF ratio in group A of each PFT generally differed from those associated with group B, indicating that different temperatures affect the SIF–GPP relationship differently (Figure 12), especially under low-temperature conditions (Figure 13). The GPP/SIF ratio for group A generally exhibited a “hump-shaped” seasonal pattern, and that for group B showed a slightly “bowl-shaped” seasonal pattern. The above results are different from previous research that did not consider the effect of temperature conditions [34,58]. There were multiple sources of uncertainty in the seasonal variations in the GPP/SIF ratio [34].



The complex interactions of environmental factors (e.g., light intensity, temperature, and available water) on the photosynthetic activities play a role in changing the GPP/SIF ratio. Increasing light intensity led to a decline in the GPP/SIF ratio [3,21,38]. As the photosynthetic efficiency presents a non-linear decrease and the chlorophyll fluorescence quantum efficiency is not sensitive to increasing light intensity, the GPP exhibits a saturation effect under high light levels, while the SIF tends to continuously increase [37,83]. Decoupling of the GPP flux and SIF signals under water stress conditions may also alter the GPP/SIF ratio [41]. The rapid response of the stomatal conductance to water stress may explain the decline in the GPP/SIF ratio under water stress conditions [30,42]. Some studies have explored the performance of early water stress detection using leaf-level measurements of chlorophyll fluorescence and found that chlorophyll fluorescence decreased for plants with water stress relative to well-watered plants, while the filled watering experiment stated that chlorophyll fluorescence levels of maize under water stress were similar to those of well-watered maize [84]. Kimm et al. [45] also reported that the field-scale SIF yield (ФF) data showed water deficit stress from the comparison between irrigated and rain-fed corn field at three different spatial scales, and ФF was positively correlated with canopy-scale stomatal conductance, a reliable indicator of plant physiological condition. Chen et al. [42] found that decoupling of GPP and SIF under water stress conditions may also alter the GPP/SIF ratio, and the rapid response of the stomatal conductance to water stress may explain the decline in the GPP/SIF ratio under water stress conditions. Under optimal temperature conditions, the GPP/SIF ratio may be dominated by other environmental variables or changes in canopy structure, whereas under a wide temperature range including low-temperature conditions, the GPP/SIF ratio may be largely influenced by low temperatures [34]. In this study, we found that the GPP/SIF ratio was positively correlated with temperature for group A, indicating that the GPP-SIF relationship is affected by a wide temperature range, including low temperatures. In addition, the potential of using SIF to detect forest stresses, especially the defoliation of the plant by primary insects or foliar infection by pathogens, is of great interest [85]. However, current studies generally ignore the crown heterogeneity caused by pests. The impact of structural properties of damaged foliage on canopy SIF, as well as the response of the GPP/SIF ratio to pest-damage, has not been well-explored.



Despite the potential effects of environmental pressures, the GPP/SIF ratio is also affected by the leaf age, leaf phenology, and leaf chlorophyll content during the growing period [30]. Some studies have reported that the seasonal peak timing of APAR played a dominated role in the seasonal peak timing of far-red SIF, whereas the seasonal peak timing of chlorophyll content contributed more to the seasonal peak timing of GPP [30,46]. The seasonal difference between far-red SIF and GPP is, thus, possibly more strongly determined by the seasonal changes in the APAR and canopy chlorophyll content [30]. Therefore, the seasonal GPP/SIF variation may also be affected by the seasonal variations in vegetation function traits.



Canopy structure can also play a role in forming the seasonal pattern of the GPP/SIF ratio [18,25,27]. The seasonal variations in canopy structure can lead to the changes in the escape probability (fesc), which further affects the observed SIF. The fesc is generally lower when the canopy is denser during the growing season. Some studies have reported that a denser canopy structure can also lead to a higher GPP/SIF ratio [86]. Remote-observed SIF is only part of the total emitted SIF by leaves, which can experience a large number of scattering and reabsorption effects [87]. To reduce the effects of the canopy structure, we explored the seasonal variations in the ratio of GPP to the total SIF (defined as GPP/tSIF, Figures S1–S3). A similar “hump-shaped” seasonal pattern of GPP/tSIF was found in many PFTs, while the “bowl-shaped” seasonal pattern of GPP/SIF for some PFTs was largely corrected. Although this indicates that the canopy structure affects the seasonal variation in GPP/SIF, a decline in GPP/tSIF was also found under low-temperature conditions (Figures S1–S3). By reducing the potential contribution of the canopy structure to the change in GPP/SIF, we can better explore the seasonal pattern in GPP/SIF under changeable climates. Therefore, this study provided a reliable evaluation of the seasonal variation in GPP/SIF by separating the data into two groups based on different growth temperature conditions.



In addition, improvement of the remote estimation of GPP is the ultimate motivation for studying the SIF–GPP relationship [34,88]. Large-scale GPP estimation relies on fine spatio-temporal satellite SIF products [89]. In this study, we used the aggregated eight-day TROPOMI SIF to obtain more data at the global scale. Future SIF products could provide daily and sub-daily observations, which would be more valuable for studying the SIF–GPP relationship under changeable environmental conditions. In addition, some studies have reported that an increased cloud fraction threshold can result in a decrease in estimated SIF [90]. Therefore, the availabilities would impact the number of selected samples for each PFT used to analyze the different responses of SIF and GPP to low temperatures.



Overall, our analyses revealed obvious differences in the seasonal patterns of SIF and GPP under different growth temperature conditions, where the GPP/SIF ratio decreased under low-temperature conditions. The decrease in GPP/SIF with low temperatures highlighted the importance of considering this behavior when estimating GPP from satellite SIF observations [91]. Future studies should conduct more field experiments to explore the potential physiological and structural factors affecting the seasonal patterns of SIF and GPP. Although the mechanisms underlying the seasonal GPP/SIF patterns under environmental pressure require further investigation, the results obtained in this study regarding the effects of low temperatures on the SIF–GPP relationship can help to improve our understanding of the SIF-GPP relationship.





5. Conclusions


We investigated the seasonal variations in the ratio of the GPP to the far-red SIF across various PFTs using both satellite and tower-based data. The GPP/SIF ratio for forest types was generally higher than that of grass and crop types. There were also noticeable differences in the seasonal pattern of the GPP/SIF ratio between the selected samples experiencing low-temperature stress (below 10 °C) and those growing in relatively warm conditions (above 10 °C throughout the year). For the data with a wide temperature range, including low-temperature conditions, we observed a positive relationship between the GPP/SIF ratio and temperature; however, the relationship did not consistently respond to temperature when considering data for temperatures above 10 °C throughout the year. Overall, the results demonstrate that the relationship between the GPP/SIF ratio and temperature was not constant among PFTs, as the GPP/SIF ratio decreased under low-temperature conditions for some PFTs experiencing low-temperature stress. Therefore, our findings highlight the importance of incorporating the temperature into SIF-based GPP estimation.
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Figure 1. Spatial variations in yearly average of: (a) the daily aggregated FLUCOM GPP products (in unit of gC·m−2·d−1); and (b) the daily corrected TROPOMI SIF (in unit of mW·m−2·nm−1·sr−1) for the year 2020. The blue line represents the latitude mean values, and the shaded area represents the 90% confidence intervals. 
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Figure 2. (a) Map of the dominant plant functional types with a fraction greater than 50%. The full names in the legend can be seen in Table 1; and (b) the number of observations (at 8-day temporal resolution) with temperature below 10 °C for the year 2020. 
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Figure 3. Locations of the selected homogeneous samples for group A (a) and group B (b) of each PFT in the Northern Hemisphere. Niwot Ridge (green star) and XTS (yellow star) were the two tower-based observation sites considered. 
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Figure 4. Seasonal patterns of the SIF and GPP for each plant functional type in the Northern Hemisphere (2018–2020). The lines correspond to the means of the corresponding data, with a different color for SIF (red) and GPP (dark). The shaded area indicates the standard deviation. 
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Figure 5. Seasonal patterns of air temperature (Ta), photosynthetic active radiation (PAR), and vapor pressure deficit (VPD) for each PFT in the Northern Hemisphere (2018–2020). The lines correspond to the means of the corresponding data, with different colors for Ta (red), PAR (dark), and VPD (blue). The shaded area is the standard deviation. 
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Figure 6. Relationship between SIF and GPP for different plant functional types (2018–2020). A and B represent different groups. Each panel also lists the slope and determination coefficient obtained in the linear regression with no intercept. The color bar represents the fraction of point density, normalized by the maximum point density. 
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Figure 7. SIF (a), GPP (b), and the ratio of GPP to SIF (c) for different PFTs. The bars represent the mean values, while the error bar indicates the standard deviation. 
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Figure 8. Relationship between SIF and GPP for groups A and B of TeC3GRA, C4GRA, and C3GRO (2018–2020). Each panel also lists the slope and determination coefficient obtained in the linear regression with no intercept. The color bar represents the fraction of point density, normalized by the maximum point density. 
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[image: Remotesensing 14 03716 g008]







[image: Remotesensing 14 03716 g009 550] 





Figure 9. Seasonal dynamics of the GPP/SIF ratio for different PFTs (2018–2020). The black lines are the mean values, and the shaded areas represent the standard deviation intervals. 
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Figure 10. Seasonal dynamics of the GPP/SIF ratio in groups A and B for TeC3GRA, C4GRA, and C3CRO (2018–2020). The black lines are the mean values, and the shaded areas represent the standard deviation intervals. 
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Figure 11. Relationship between the GPP/SIF ratio and temperature for different plant functional types (2018–2020). A and B represent different groups. The slopes and determination coefficients of linear regressions are listed in each panel. The color bar represents the fraction of point density, normalized by the maximum point density. 
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Figure 12. Relationship between the GPP/SIF ratio and temperature for groups A and B of TeC3CRA, C4GRA, and C3GRO (2018–2020). The slopes and determination coefficients of linear regressions are listed in each panel. The color bar represents the fraction of point density, normalized by the maximum point density. 
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Figure 13. Distribution of the GPP/SIF ratios for all data with temperature above 10 °C (green) and below 10 °C (blue). 
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Figure 14. Seasonal dynamics of five-day running means of cumulative daily GPP (green lines) at XTS ((a) 2020–2021) and Niwot Ridge sites ((b) year 2017–2018); the corresponding seasonal variations in daily average SIF (blue lines) ((c), XTS site, (d), Niwot Ridge site); and the variations in GPP/SIF ratio with air temperature (Ta) ((e), XTS site, (f), Niwot Ridge site). The gray dotted line is the 10 °C line. The 90 % confidence interval is indicated by the shaded area. 
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Table 1. The number of the selected homogeneous samples for each PFT. A and B represent the different groups. The horizonal bar indicates no samples.
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Abbreviation

	
Full Name

	
Number of Pixels




	
Group A

	
Group B






	
TrEBF

	
Tropical evergreen broadleaf forest

	
―

	
3848




	
TrDBF

	
Tropical deciduous broadleaf forest

	
―

	
993




	
TeENF

	
Temperate evergreen needleleaf forest

	
321

	
―




	
TeEBF

	
Temperate evergreen broadleaf forest

	
―

	
348




	
TeDBF

	
Temperate deciduous broadleaf forest

	
660

	
―




	
BoENF

	
Boreal evergreen needleleaf forest

	
620

	
―




	
BoDBF

	
Boreal deciduous broadleaf forest

	
826

	
―




	
BoDNF

	
Boreal deciduous needleleaf forest

	
515

	
―




	
TeC3GRA

	
Temperate C3 grass

	
3348

	
134




	
TrC3GRA

	
Tropical C3 grass

	
―

	
879




	
BoC3GRA

	
Boreal C3 grass

	
7125

	
―




	
C4GRA

	
C4 grass

	
133

	
1055




	
C3CRO

	
C3 crops

	
404

	
1644




	
C4CRO

	
C4 crops

	
―

	
199
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Table 2. Details of the observation sites. The maximum and minimum temperatures of XTS and Niwot Ridge sites were obtained over the respective observation period.
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	Site Name
	Latitude
	Longitude
	PFT
	Maximum Temperature
	Minimum Temperature
	Retrieval Method





	XTS
	40.18°N
	116.44°E
	C3CRO
	29.52 °C
	−11.21 °C
	DOAS



	Niwot Ridge
	40.03°N
	105.55°W
	BoENF
	19.34 °C
	−15.88 °C
	DOAS
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Table 3. The Pearson correlation and partial correlation coefficients between the GPP/SIF ratio to temperature and other environmental parameters (PAR and VPD). Horizonal bars denote no available values.
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PFTs

	
Pearson Correlation

	
Partial Correlation Coefficient




	
PAR

	
VPD




	
A

	
B

	
A

	
B

	
A

	
B






	
TrEBF

	
―

	
−0.08

	
―

	
−0.08

	
―

	
−0.15




	
TrDBF

	
―

	
−0.05

	
―

	
−0.09

	
―

	
−0.16




	
TeENF

	
―

	
−0.002

	
―

	
−0.06

	
―

	
−0.08




	
TeEBF

	
―

	
−0.43

	
―

	
−0.41

	
―

	
−0.44




	
TeDBF

	
0.40

	
―

	
0.38

	
―

	
0.31

	
―




	
BoENF

	
0.77

	
―

	
0.74

	
―

	
0.62

	
―




	
BoDBF

	
0.66

	
―

	
0.64

	
―

	
0.53

	
―




	
BoDNF

	
0.41

	
―

	
0.36

	
―

	
0.32

	
―




	
TeC3GRA

	
0.17

	
−0.27

	
0.15

	
−0.23

	
0.17

	
−0.20




	
TrC3GRA

	
―

	
−0.26

	
―

	
−0.24

	
―

	
−0.24




	
BoC3GRA

	
0.26

	
―

	
0.25

	
―

	
0.24

	
―




	
C4GRA

	
0.10

	
−0.06

	
0.12

	
−0.06

	
0.21

	
−0.06




	
C3CRO

	
0.40

	
−0.24

	
0.29

	
−0.26

	
0.27

	
−0.30




	
C4CRO

	
―

	
−0.25

	
―

	
−0.25

	
―

	
−0.30
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