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Abstract


Northern hemisphere evergreen needleleaf forest (ENF) contributes a significant fraction of global water exchange but regional transpiration (T) observation in ENF ecosystems is still challenging. Traditional remote sensing techniques and terrestrial biosphere models reproduce the transpiration seasonality with difficulty, and with large uncertainties. Solar-induced chlorophyll fluorescence (SIF) emission from vegetation correlates to photosynthesis at multiple spatial and temporal scales. However, how SIF links to transpiration of evergreen forest during seasonal transition is unclear. Here, we explored the relationship between canopy SIF and T retrieved from ground observation towers in ENF. We also examined the role of meteorological and soil factors on the relationship between SIF and T. A slow decrease of SIF and T with a fast reduction in photosynthetically active radiation (PAR), air temperature, vapor pressure deficit (VPD), soil temperature and soil water content (SWC) were found in the ENF during the fall transition. The correlation between SIF and T at hourly and daily scales varied significantly among different months (Pearson correlation coefficient = 0.29–0.68, p < 0.01). SIF and T were significantly linearly correlated at hourly (R2 = 0.53, p < 0.001) and daily (R2 = 0.67, p < 0.001) timescales in the October. Air temperature and PAR were the major moderating factors for the relationship between SIF and T in the fall transition. Soil water content (SWC) influenced the SIF-T relationship at an hourly scale. Soil temperature and VPD’s effect on the SIF-T relationship was evident at a daily scale. This study can help extend the possibility of constraining ecosystem T by SIF at an unprecedented spatiotemporal resolution during season transitions.
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1. Introduction


Evergreen needleleaf forest (ENF) accounts for one third of the world’s forest [1], and is an important and highly dynamic component of the terrestrial ecosystem water cycle [2,3]. However, ENF transpiration (T) estimation is still imprecise with the currently used empirical/semi-empirical models (e.g., Penman Monteith (PM) equation) and ecohydrological remote sensing models which rely on meteorological factors and remote-sensing vegetation parameters (e.g., NDVI and LAI) [4,5]. This is because ENF canopy structure and green needle leaf area show no significant change during season transitions [6], but photosynthetic activity and water exchange undergo seasonal shifts in evergreen ecosystems [7,8]. Previous studies showed that land surface models (LSM) underestimated daily evapotranspiration (ET) by up to 20% in the fall and by approximately 25% across the entire season for evergreen needleleaf forest [9].



Solar-induced chlorophyll fluorescence (SIF) is a small light fraction emitted during plant photosynthetic reactions and can signal photosynthetic activity changes across temporal and spatial scales [10,11]. SIF has been applied to constraining ecosystem transpiration in models based on the assumption of carbon and water cycles coupling at weekly and monthly time scales [12,13,14]. However, stomatal conductance and SIF respond to environmental changes at an instantaneous time scale. Therefore, mean daily or weekly SIF and T provide little information about how environmental conditions mediate the dynamic relationship between SIF and T [10,15]. Analysis of the SIF-T relationships in grassland, broadleaf forest and wheat has shed light on the effects of environmental condition changes on water fluxes and has helped quantify water balance at hourly and daily scales [16,17,18]. To improve estimates of T, SIF and its link to T at higher temporal resolution requires refining in ENF. The impacts of meteorological and soil factors on the SIF-T relationship in the seasonal transition of evergreen forest ecosystems require further investigation [19].



Using canopy SIF observations and T separated by synchronous half-hour eddy flux ET of ENF, we (i) investigated the dynamics of T, SIF, meteorological and soil factors in the fall transition, (ii) quantified the SIF and T correlation at hourly and daily scales during the fall transition, and (iii) investigated the effects of meteorological and soil factors on the canopy SIF-T relationship. Our results will extend the possibility of constraining ecosystem T by SIF during seasonal transitions and prompt more precise T estimations at an unprecedented spatiotemporal resolution.




2. Materials and Methods


2.1. Study Location


This study was conducted in a Mongolian Scots pine (Pinus sylvestris var. mongolica) forest in Jianping county, Northeast China (41.97° N, 119.42° E, 496 m elevation) over the period from 1 September 2020 to 17 November 2020 (Figure 1A). The study site has a mid-temperate continental monsoon climate with annual mean temperature of 7.6 °C, annual precipitation of 450 mm and annual mean sunshine duration of 2765.5 h. The Mongolian Scots pine forest was planted in 1990. The mean diameter at breast height (DBH, 1.3 m) was 12.2 cm and the mean tree height was 12 m in 2020. The stem density of the Mongolian pine plantation was 1389 trees ha−1.




2.2. Tower Solar-Induced Chlorophyll Fluorescence Measurement


A named “AUTOSIF” system (Bergson Spectrum Science Limited; Beijing, China) was installed to retrieve canopy SIF. The core of the AUTOSIF tower system consisted of a thermally stabilized hyperspectral spectrometer (QE-Pro, Ocean Optics Inc.; Dunedin, FL, USA) maintained in a temperature-regulated enclosure which covered the 730–784 nm spectral range and had a spectral resolution of ~0.17 nm, spectral sampling interval of ~0.07 nm and signal-to-noise ratio (SNR) > 1000. Two optical fibers were connected to the spectrometer using a Y-shaped component with electronic shutters to take the measurements in sequence. A cosine corrector (CC3-3-UV-S, Ocean Optics, Inc.) was attached to the upper fiber to collect the downwelling solar irradiance. The upwelling radiance was collected using a bare fiber with a field of view (FOV) of 25° and view zenith angle of 25° to avoid the influence of the tower body. The fibers, produced by Ocean Optics, were mounted 5 m above the forest canopy, with 600 μm core diameter. Calibration of downwelling solar irradiance used an Ocean Insight light source (HL-3 plus, Ocean Optics, USA), and for upwelling radiance used a photometric integrating sphere optical spectrum analyzer (LightFluxColor LFC-illumia Plus2, Labsphere, North Sutton, NH, USA). SIF signals were extracted from calibrated downward measurements obtained from the QE Pro instrument by the spectral fitting methods (SFM) method [20,21], and was averaged across half-hourly intervals. The mean daily SIF was calculated as the average of half-hourly values within a day.




2.3. Fluxes, Meteorological and Soil Parameters Observation


Ecosystem-scale CO2, water vapor, energy fluxes and meteorological parameters were measured based on an EC flux tower. The 20 m tower has been in continuous operation since 2017 and is equipped with an open-path infrared gas analyzer (IRGA; LI-7500, Li-COR, Lincoln, NE, USA), three-dimensional sonic anemometer (CSAT 3, Campbell Scientific, Logan, UT, USA) and sensors measuring photosynthetically active radiation (PAR) (LI-190, LI-COR, Lincoln, NE, USA), air temperature and relative humidity (RR-10TH, RAINROOT, Beijing, China). In addition, soil temperature and soil water content (SWC) were measured continuously using soil moisture (EC5, METER, Pullman, WA, USA) and temperature sensors (RR10T; Rainroot, China) buried at 10 cm, 20 cm and 30 cm depth beneath the soil surface to the east, north, and south of the tower. The average soil temperature and SWC of the three depths were used for analysis. The observed values of fluxes, meteorology, SWC and soil temperature were averaged at half-hourly scale and daily scale for statistical analysis.




2.4. Water Flux Partitioning


The flux data were evaluated to determine an appropriate friction velocity threshold to remove periods of low turbulence, then the flux and meteorological data were gap-filled. For the flux and soil data, the percent data recovery after bad data removal and before gap-filling were 94% and 97%, respectively. Canopy gross primary production (GPP) was partitioned from net ecosystem exchange following the night time partitioning method of Reichstein et al. [22]. All the calculations were conducted using the R package, REddyProc [23].



Ecosystem transpiration (T) was separated from eddy covariance (EC) water flux data by the uWUE method [24]. The potential uWUE (uWUEp) and the apparent uWUE (uWUEa) were calculated for half-hourly data GPP⋅    VPD     and ET. uWUEp was assumed to be constant throughout a year; T/ET was then estimated as the ratio of uWUEa and uWUEp [24]. The uWUE method is robust to systematic errors in GPP estimate, for example, the errors between night time and day time partitioning method to estimate GPP [24].




2.5. Statistical Analysis


Fluxes, meteorological and soil half-hourly and daily averaged values were synchronized with the SIF data between 6:00 A.M. and 6:30 P.M. The relationships between observed factors were analyzed by Pearson correlations, and linear and hyperbolic regression functions at the same temporal scale. The coefficient of determination (R2), RMSE and the slope of the regression were calculated.



To understand the main factors controlling the relationship between SIF and T, a least absolute shrinkage and selection operator (LASSO) regression analysis [25] was conducted with T as target variable, and observed meteorological and soil data (PAR, VPD, air temperature, SWC and soil temperature) and SIF as input variables. The LASSO regression model was fitted on the pooled data of hourly and daily scales separately. Each dataset was split into training and test samples. The training sample consisted of the first 85% dataset of each site, while the test sample consisted of the remaining 15%. All variables were normalized by the max-min method with the original data reflected to [0,1] and the data structure retained. Extreme outliers (values beyond ±3 standard deviations) in inputs and outputs were removed. The regularization parameter lambda in the LASSO regression was determined using a 10-fold cross-validation within the training set. The selected lambda was the largest value and the mean squared error (MSE) lay within one standard error of the minimum MSE [13].





3. Results


3.1. Dynamics of SIF, T, Meteorological and Soil Factors in Fall Transition


The ENF canopy SIF, ET and T showed conspicuous seasonal variations together (Figure 1B–I), which were due to the seasonal evolution of meteorological factors. SIF showed a nearly five-fold decrease during the fall transition (Figure 1B). We found a slow decrease of ET and T in fall (Figure 1C,D), in agreement with previous studies in ENF [24,26]. This indicates that ENF experience significant physiological shifts in the fall. During the same period, we observed a significant reduction in PAR, air temperature, VPD, soil temperature and SWC (Figure 1E–I). During the fall transition period, SIF showed changes closely varying with T and ET at daily scale. We also observed a significant decrease in SIF, ET, T and SWC from DOY 244 to 254, which could have been due to water transport blocking and stomatal closing caused by soil water reduction [27].



Averages of half-hourly data among different months were shown to highlight the dynamic nature of T, ET, SIF, GPP, meteorological and soil factors in the fall (Figure 2). We found that SIF changed with T, ET and GPP at hourly scale. Among all the meteorological and soil factors, SIF corresponded more closely to changes in air temperature, PAR and VPD than SWC and soil temperature in September and October. In September, SIF showed a spike at 11:30–12:00 AM compared with that in October and November (Figure 2E) and the solar radiation showed the highest standard errors in the same time period (Figure 2A), indicating the dependency of SIF on PAR at hourly scale. In November, SIF, T and ET did not show the dynamic changes observed for PAR, air temperature and VPD at hourly scale, indicating that the growth of Pinus Sylvestris var. Monglica entered the dormancy period in November.




3.2. Correlations between SIF and T at Hourly and Daily Timescales


Heatmaps for hourly and daily correlations of SIF and T, ET are shown in Figure 3. We found that SIF corresponded more closely to changes in T and ET at daily (Pearson correlation coefficient = 0.63, p < 0.01) compared to hourly (Pearson correlation coefficient = 0.53, p < 0.01) scales (Figure 3). The correlation between SIF and T varied significantly among different months (Pearson correlation coefficient = 0.29–0.68, p < 0.01; Figure 3). Both hourly and daily correlations were highest in October with a slight decrease in September and November (Figure 3). Previous studies have shown that the ENF canopy GPP yields a hyperbolic linear relationship with SIF in the fall transition [28,29]. In this study, as GPP and T correlated with carbon and water cycle coupling at multiple time scales, SIF and T were fitted by linear and hyperbolic regression. The results showed that SIF and T in the canopy were correlated at hourly and daily scales (Figure 4 and Figure 5). Compared to linear regression (hourly: p < 0.001, R2 = 0.37, RMSE = 3%; daily: p < 0.001, R2 = 0.39, RMSE = 2%), hyperbolic regression yielded a slightly lower R2 and similar RMSE (p < 0.05, R2 = 0.35, RMSE = 3%) at hourly scale and a similar R2 and RMSE (p < 0.05, R2 = 0.37, RMSE = 2%) at daily scale in the fall. SIF and T were significantly linearly correlated at hourly (R2 = 0.53, p < 0.001) and daily (R2 = 0.67, p < 0.001) timescales in the October.




3.3. Influences of Meteorological and Soil Factors on the T-SIF Relationship


To clarify the influences of meteorological and soil factors on the T-SIF relationship, we conducted an SIF-T linear regression for different variables value intervals: the lowest, <33%, medium, 33%–66% and highest, >66% at hourly and daily scales, respectively (Figure 4 and Figure 5). The higher slope of SIF-T was 0.7 in PAR (>400 μmol m−2 s−1) and 0.9 in PAR (<200 μmol m−2 s−1) (Figure 4A). The lowest slope of the SIF-T was 0.2 in PAR (200–400 μmol m−2 s−1) at hourly scale (Figure 4A). At high air temperature (>22 °C), the slope of the SIF-T was the lowest at 0.4. As the temperature decreased, the slope of the SIF-T became higher (14–22 °C, slope was 0.7; <14 °C, slope was 0.6) (Figure 4B). The higher slopes of 0.7 and 0.9 for SIF-T were found in SWC (>14%) and SWC (<12%) (Figure 4C). The lowest slope 0.4 of the SIF-T was in SWC (12%–14%) (Figure 4C). At higher and lower VPD (>19 kPa and <10 kPa), the slope of the SIF-T was the same (0.8). The slope of the SIF-T was 0.7 at VPD (10–19 kPa) (Figure 4D). For the soil temperature, the slope of the SIF-T was 0.6–0.7 for different soil temperature intervals (Figure 4E). Our results indicated that the slopes between ENF canopy SIF and T significantly changed with the PAR, air temperature, SWC and slightly changed with VPD and soil temperature at hourly scale in the fall (Figure 4).



The slope of SIF-T was analyzed for different meteorological and soil factors intervals at daily scale. We found that the higher slope of SIF-T was 0.6 in PAR (300–400 μmol m−2 s−1) and 0.5 in PAR (<300 μmol m−2 s−1) (Figure 5A). The lowest slope 0.3 of the SIF-T was in PAR (>400 μmol m−2 s−1) at daily scale (Figure 5A). The higher slopes 0.6 and 0.9 of SIF-T were found in air temperature > 17 °C and 10–17 °C and the lowest slope 0.3 of the SIF-T was in air temperature < 10 °C (Figure 5B). As the soil temperature decreased, the slope of the SIF-T became lower (>12.5 °C, slope was 0.9; 7.5–12.5 °C, slope was 0.7; <7.5 °C, slope was 0.6) (Figure 5C). The slopes of the SIF-T decreased with VPD reduction (>12 kPa, slope was 0.9; 10–12 kPa, slope was 0.7; <10 kPa, slope was 0.6) (Figure 5D). For the SWC, the slopes of the SIF-T in the three SWC intervals were 0.6–0.7 (Figure 5E). Our results indicated that the slopes between SIF and T significantly changed with PAR, air temperature, soil temperature and VPD at daily scale (Figure 5).



To verify the key factors influencing the SIF-T relationship, we conducted LASSO regression at the hourly and daily scales with PAR, air temperature, VPD, soil temperature, SWC and SIF as input variables and T as target values. The LASSO accuracy assessments for training data results were: hourly: R2 = 0.73, RMSE = 12%; daily: R2 = 0.81, RMSE = 8%; and for the test data result was: hourly: R2 = 0.72, RMSE = 12% and daily: R2 = 0.75, RMSE = 10%. Among all the input variables, air temperature and PAR had the highest and second highest weights across hourly and daily scales. SWC showed higher weight on the T prediction at hourly scale than daily scale in our study (Figure 6). Our results clearly confirmed that PAR and air temperature were the key factors that regulated the relationship between SIF and T in ENF during the fall transition. Soil water content (SWC) influenced the SIF-T relationship at hourly scale. Soil temperature and VPD’s effect on the SIF-T relationship showed at the daily scale.





4. Discussion


Our results provided field-based evidence to complement findings that SIF and T are linearly correlated at hourly and daily scales in the fall transition. Moreover, the SIF-T correlation varied significantly among different months. Air temperature and PAR were the major moderating factors for the relationship between SIF and T at hourly and daily scales in the fall transition. SWC influenced the SIF-T relationship at hourly scale and soil temperature influenced the SIF-T relationship at daily scale, respectively.



4.1. Dynamic SIF-T Relationships in Temperate ENF during the Fall Transition


A number of recent studies have demonstrated that SIF and T share a strong positive relationship at multiple spatial scales [12,14,17,30,31]. We collected ENF canopy SIF and T at high temporal resolution during the fall in 2020 and observed correlations between SIF and T. However, the relationships of SIF and T varied across different months both at hourly and daily scales. SIF and T showed significant linear correlation in October. These dynamic relationships between SIF and T indicated that current satellite SIF products averaged at a weekly and monthly time resolution are not yet adequate to characterize the SIF-T relationship in the fall transition. It is necessary to incorporate the dynamic relationships between SIF and T at an unprecedented spatiotemporal resolution into the SIF-based T estimations during season transition.



Several factors influence the SIF-T relationship in the season transition, such as the vegetation biochemistry (e.g., leaf pigments, water and dry matter), physiological status (e.g., canopy structure), environmental conditions [15,32], and observation angles [33]. Canopy structure, including canopy LAI and leaf orientation influence the SIF scattering and re-absorption [34]. Evergreens hold relative constant canopy structure during the season transition [6,7]. To shed more absorbed energy as nonphotochemical quenching (NPQ) over winter months, ENF gradually changes pigment ratios of carotenoids and chlorophyll with meteorological shifts in season transition [35,36,37,38]. Solar radiation, air temperature and VPD triggered plant photosynthesis and transpiration recovery and reduction in the season transition [39,40,41]. Therefore, meteorological conditions are the first-order driving factor that influences SIF and T relationships of ENF in season transition. Our results showed the significant influence of SWC on the SIF-T relationship at hourly scale in November. This was probably caused by short-term meteorological droughts; soil water dominates dryness stress on ecosystem transpiration [42] and becomes the major factor influencing the SIF-T relationship.



In this study, we investigated the SIF-T relationship based on the T value estimated by the uWUE separation method. It involved uncertainty in T estimation [24,32] and thus in the analysis of the SIF-T relationship. T values estimated from field observation (e.g., sap flow) are needed to verify our results in further research. We reported slightly higher linear relationships between SIF and T compared with hyperbolic relationships at hourly and daily timescales without considering clear and diffuse sky conditions. This would probably weaken the linear relationship between SIF and T because canopy photosynthesis and transpiration can be enhanced under cloudy conditions [43] but SIF reduces under cloudy conditions [18].




4.2. Implication of SIF and Meteorological Factors Observation at Finer Temporal Scales


Current canopy transpiration models are mostly driven by empirical relationships among observed meteorological factors [44]. The transpiration estimated under water stress has used an empirical factor based on the soil moisture and stomatal conductance, net photosynthesis, mesophyll conductance and/or carboxylation rate relationships [45,46]. These empirical relationships in models introduce uncertainties to the finer scale evapotranspiration estimates. Previous studies have shown that LSM underestimates daily ET by up to 20% in the fall and about 25% across the entire season for evergreen needleleaf forest [9]. To improve T prediction, SIF has been applied for constraining ecosystem transpiration in models under the assumption of carbon and water cycle coupling at weekly and monthly time scales [12,13,14]. Maes’s research also showed that SIF explained the most variance of T at daily scale based on the SCOPE model [13]. However, our results showed that the relationships of SIF and T varied across different months with SIF and T being significantly linearly correlated at hourly and daily timescales only in the October. SIF explained lower variance compared with the air temperature and PAR across hourly and daily scales in the fall. This probably occurred as SIF from the light reaction is not synchronous with the T regulated by stomatal conductance and carbon assimilation when ENF undergo physiological dynamics and light-use efficiency shifts in the fall. Future research is needed to fully understand the response lag between SIF and T and the related mechanisms at both hourly and daily scales in season transition of ENF.



Our results underscore the dynamics of the SIF-T relationship in the fall transition at hourly and daily scales and the effect of meteorological and soil factors on the SIF-T relationship. This implies that when constraining T by SIF at an unprecedented temporal resolution, meteorological and soil factors should be involved. Continuous tower-based measurements of SIF combined with meteorological factors, especially soil moisture and soil temperature observation, are expected to improve the T estimates at finer spatiotemporal scales for forest ecosystems [47].





5. Conclusions


In this study, we found that SIF changed with T, ET and GPP at hourly and daily scales. Among all the meteorological and soil factors, SIF corresponded more closely to changes in air temperature, PAR and VPD than SWC and soil temperature in September and October. In November, SIF, T and ET did not show dynamic changes with PAR, air temperature and VPD variation at hourly scale. The correlation between SIF and T at hourly and daily scales varied significantly among different months. A linear relationship between SIF and T was found for ENF at hourly and daily temporal resolution over the October. Air temperature and PAR were the major factors influencing the SIF-T relationship across hourly and daily scales. Importantly, our results showed that the SWC is one of the major factors influencing the relationship between canopy SIF and T at hourly scale. Soil temperature and VPD influenced the SIF-T relationship at daily scale. Our observation-based findings can help strengthen the estimation of vegetation T by canopy SIF in season transition. Additional measurements for canopy T for different vegetation types are necessary to fully understand the SIF-T dynamic relationships in season transition when applying this relationship in T estimates.
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Figure 1. Images of the fluxes site where the canopy data were collected in fall season (A). Canopy-observed SIF, ET, T, PAR, air temperature, VPD, soil temperature and soil water content (B–I). Grey circles indicate half-hourly data, whereas black circles represent daily mean values. 
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Figure 2. Hourly averages of far-red SIF, ET, GPP, T, PAR, VPD, air temperature, soil water and soil temperature (A–I) in September (blue), October (purple) and November (black). Shaded regions represent SE of the hourly mean. 
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Figure 3. The Pearson correlation coefficients between SIF and ET, T at hourly and daily scales for different months in the fall season. 
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Figure 4. Relationship between SIF and T over PAR (A), air temperature (B), soil water content (C), VPD (D) and soil temperature (E) at hourly scale. The dashed lines are linear regression fitted to the SIF and T for different variables value interval: the lowest (black, <33%), medium (green, 33%–66%) and highest (yellow, >66%) at hourly scale, respectively. 
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Figure 5. Relationship between SIF and T over PAR (A), air temperature (B), soil temperature (C), VPD (D) and soil water content (E) at daily scale. The dashed lines are linear regression fitted to the SIF and T under different variables value interval: the lowest (black, <33%), medium (green, 33%–66%) and highest (yellow, >66%) at daily scale, respectively. 
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Figure 6. Relative weight of the LASSO regression predicting T using PAR, air temperature (Tair), VPD, soil temperature (Tsoil), soil water content (SWC) and SIF as input variables at hourly (A) and daily scales (B). 
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