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ABSTRACT 

 Solar-induced chlorophyll fluorescence (SIF) has been widely cited in carbon 

cycling studies as a proxy for photosynthesis, and SIF data are commonly incorporated into 

terrestrial primary productivity models. Though satellite-based SIF products show close 

relationships with gross primary productivity (GPP), this is not universally true at 

intermediate scales. A meta-analysis of the tower-based and airborne SIF literature 

revealed that mean SIF retrievals from unstressed vegetation span three orders of 

magnitude. While reporting on spectrometer calibration procedures, hardware 

characterizations, and associated corrections is inconsistent, laboratory and field 

experiments show that these factors may contribute to significant uncertainty in SIF 

retrievals. Additionally, there remain ongoing questions regarding the interpretation of SIF 

data made across spatial scales and the link between satellite SIF retrievals and primary 

productivity on the ground. Chlorophyll fluorescence originates from dynamic energy 

partitioning at the leaf level and does not exhibit a uniformly linear relationship with 

photosynthesis at finer scales. As a standalone metric, SIF measured at the tower scale was 

not found to track changes in carbon assimilation following stomatal closure induced in 

deciduous woody tree branches. This lack of relationship may be explained by alternative 
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energy partitioning pathways, such as thermal energy dissipation mediated by xanthophyll 

cycle pigments; the activity of these pigments can be tracked using the photochemical 

reflectance index (PRI). Gradual, phenological changes in energy partitioning are observed 

as changes in the slope of the SIF-PRI relationship over the course of a season. Along with 

high frequency effects such as wind-mediated changes in leaf orientation and reflectance, 

and rapid changes in sky condition due to clouds, PRI offers crucial insights needed to link 

SIF to leaf physiology. While SIF offers tremendous promise for improving the 

characterization of terrestrial carbon exchange, and a fuller understanding of the 

boundaries on its utility and interpretation as a biophysical phenomenon will help to create 

more reliable models of global productivity. 
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CHAPTER ONE: INTRODUCTION 

Photosynthesis is a fundamental biological process with crucial implications for food 

and resource production (Wolf et al., 2015), a wide range of ecological dynamics (Field et 

al., 2007), and both the current and future status of Earth’s climate systems (Allen et al., 

2018; Heimann and Reichstein, 2008). The uptake of carbon (C) by the terrestrial biosphere 

is a key element of the global C cycle (Le Quéré et al., 2018; Pan et al., 2011), and there 

has been longstanding scientific interest in quantifying the current magnitude and potential 

future changes in the terrestrial C sink (Ryu et al., 2019). However, due to the challenges 

to direct measurements of C uptake at the global scale, the terrestrial biosphere is also the 

source of the largest uncertainties in estimated global carbon budgets (Huntzinger et al., 

2017; Rotach et al., 2014). In the interest of addressing these uncertainties, long-running 

satellite programs have monitored the Earth’s surface, and traditional vegetation greenness 

indices derived from satellite measurements of reflected sunlight can be used to track the 

extent, health, and dynamics of global vegetation (Thompson et al., 2017). However, these 

indices suffer from limitations associated with saturation at moderately high leaf area 

(Asner et al., 2004), posing significant challenges to constraining GPP, particularly because 

many of the most productive forests are also those with the highest leaf area index (LAI). 

Furthermore, greenness indices cannot be used to track annual cycles in light use efficiency 

or primary productivity in evergreen forests, where canopy pigmentation and structure do 

not change dramatically with the seasons (Gamon et al., 1995; Springer et al., 2017). 

Attempts to overcome these challenges using global models of GPP have been limited by 

insufficient data to fully constrain model outputs, particularly in these highly productive 
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regions (Anav et al., 2015). In response to these challenges, there has been increasing 

interest over the last two decades in measuring solar-induced chlorophyll fluorescence 

(SIF), a faint and temporally dynamic signal originating from the dissipation of the light 

absorbed by plant leaves (Porcar-Castell et al., 2014).  

Plants face a particular metabolic challenge in that they require photons absorbed from 

sunlight in order to power linear electron transport (a chain of energy-generating reactions 

in the light reactions of photosynthesis), but have limited control over how many photons 

are incident on their leaves at any given moment. In order to avoid cellular damage 

resulting from the absorption of more photons than can be used for photosynthesis on an 

instantaneous basis, plants have several additional pathways by which excess energy can 

be safely used or lost (Baker, 2008). SIF is the result of one such pathway, by which plants 

may re-radiate light at a higher wavelength than was absorbed, resulting in a net reduction 

in absorbed energy (Porcar-Castell et al., 2014). An additional share of energy is lost as 

heat through constitutive, non-radiative decay (D), and leaves may also engage a regulated 

photoprotective mechanism known as energy dissipation (ED) involving carotenoid 

pigments of the xanthophyll cycle (Demmig-Adams and Adams, 2006).  

A large share of absorbed light is used to support photochemistry in unstressed, healthy 

leaves (Demmig-Adams, 1998). Levels of ED vary in response to excess light absorption 

and generally increase during exposure to environmental stress, at times rising dramatically 

to consume the greatest share of absorbed light (Logan et al., 1998; Verhoeven et al., 1999). 

With the goal of minimizing cellular damage, the emission of photons as SIF may also be 

modulated on short time scales in order to dissipate the remaining fraction of unused 
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energy. This energy partitioning may be monitored at the leaf level using pulse-amplitude 

modulated (PAM) fluorometers (Maxwell and Johnson, 2000), and SIF may be monitored 

remotely using spectrometer systems to quantify the in-filling of atmospheric absorption 

features and Fraunhofer lines by fluorescent photons by comparing detailed spectra of 

radiance measured from vegetation with those collected from downwelling irradiance 

(Meroni et al., 2009). 

Since photochemistry and fluorescence represent competing fates for absorbed 

photons, both of which also compete with ED, we may expect them to exhibit a complex, 

perhaps even an inverse relationship (Magney et al., 2020; Porcar-Castell et al., 2008). 

However, many studies using satellite data report a direct relationship between SIF and 

upscaled model estimates of GPP (Frankenberg et al., 2011; Sun et al., 2018; Verma et al., 

2017). Some authors even report near-universal correlation between SIF and eddy-

covariance flux tower-derived GPP estimates (X. Li et al., 2018; Xiao et al., 2019). This 

apparent contradiction has inspired a great deal of work investigating the linearity of the 

SIF-GPP relationship across scales. Evidence suggests that satellite-scale linearity may be 

may be driven in part by averaging across observations collected across multiple latitudes, 

measurement dates, and environmental conditions (Yao Zhang et al., 2018), and by 

consistent canopy escape probabilities for SIF photons leaving homogeneous canopies 

(Dechant et al., 2020), independent of a physiological link. Additionally, the nadir view 

angle used by most satellite platforms has been shown to result in stronger SIF-GPP 

relationships than would be found using observations collected from more extreme angles 

(Z. Zhang et al., 2018). One hypothesis suggests that averaging over areas of vegetation 
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with heterogeneous physiological states linearizes the satellite SIF-GPP relationship to a 

greater degree than would be observed at the leaf level (Gu et al., 2019a). Other researchers 

point out that SIF and GPP share a common driver, the amount of photosynthetically active 

radiation (PAR) absorbed by leaves (APAR) (Du et al., 2017; Miao et al., 2018; Wieneke 

et al., 2018). A recent synthesis of studies on non-linearity in SIF-GPP relationships 

emphasizes that most SIF-measuring satellites are in sun-synchronous orbits that permit 

data collection exclusively around local midday and under clear-sky conditions; under 

these well-illuminated conditions, observed vegetation would plausibly exhibit a direct, 

linear SIF-GPP relationship, as many surplus photons are lost as fluorescence alongside 

high photosynthetic rate (Magney et al., 2020).   

Regardless of which combination of these hypotheses is true, it clear that satellites can 

offer limited insight into leaf or whole-plant energy partitioning on the ground. Thus, while 

landscape-scale correlation between GPP and SIF is informative, the link between SIF and 

C fixation at finer spatiotemporal scales remains a crucial area of uncertainty. Many 

previous studies aimed at addressing this gap have collected intermediate-scale 

measurements from towers or airborne platforms, with some indicating the possibility of 

directly downscaling satellite data using transformed tower-based SIF measurements 

(Duveiller and Cescatti, 2016) and of linearly scaling from instantaneous to monthly SIF-

GPP relationships (albeit at large spatial scales) (Wood et al., 2017). Nonetheless, the 

strength and direction of the SIF-GPP relationship measured at intermediate scales varies 

widely within the literature (Helm et al., 2020; Maguire et al., 2020), and interpretation of 

these results is complicated by the variety of instrumentation and measurement geometries 
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used. There are substantial uncertainties associated with spectral resolution (Julitta et al., 

2016), changes in ambient temperature (L. Li et al., 2018), atmospheric conditions along 

the viewing path to vegetated targets (Sabater et al., 2018), sensor noise (Burkart et al., 

2015), and the calibration and characterization of deployed hardware. While each of these 

factors may individually contribute only a small amount of error, these uncertainties 

compound when attempting to retrieve a dynamic fluorescence signal that counts for only 

1 % to 5 % of incoming radiance (Meroni et al., 2009).  

Despite these challenges, it appears that the SIF signal can be useful in predicting GPP 

across scales, so long as it is fully contextualized within energy partitioning dynamics, 

including energy dissipated as heat. Use of the reflectance-based photochemical reflectance 

index (PRI) (Gamon et al., 1992), which provides insight into the thermal energy 

dissipation pathway that competes with both SIF and photochemistry for absorbed light, 

has been shown to improve SIF-GPP relationships across scales (Chang et al., 2020b; 

Middleton et al., 2016; Wang et al., 2020). SIF and PRI show dynamic responses to 

transient environmental changes, as well as diurnal variations and seasonal trends, and can 

provide complementary insights into controls on SIF and energy partitioning across scales. 

In this dissertation, I have worked to understand the boundaries on the utility and 

interpretation of the SIF signal. My first chapter examines limitations on the potential of 

SIF to capture energy partitioning dynamics and induced changes in photosynthetic rate at 

small temporal and spatial scales. In the second chapter of my dissertation, I examine errors 

and uncertainties introduced by instrumentation and hardware used to measure SIF at the 

tower scale. Using a meta-analysis of the published literature on SIF measured at similar 
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scales, I contextualize these effects within the wide variability in reported SIF retrieval 

magnitudes. My third chapter focuses on the identification of leaf- and branch-level 

environmental and physiological drivers of variation in the SIF signal. Persistent 

monitoring of vegetation using a camera-coupled spectrometer system enabled an 

examination of SIF retrievals in the context of leaf-level energy partitioning and 

physiological variation on rapid (seconds-to-minutes), diurnal, and seasonal time scales. 

My work has aimed to provide insights into mechanisms by which SIF can offer insight 

into GPP across spatiotemporal scales, and to identify complementary environmental and 

instrumentation-related considerations that can improve modelling and upscaling efforts to 

enhance the utility of the satellite record in tracking vegetation productivity and plant 

physiology.  
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CHAPTER TWO: SOLAR-INDUCED FLUORESCENCE DOES NOT TRACK 

PHOTOSYNTHETIC CARBON ASSIMILATION FOLLOWING INDUCED 

STOMATAL CLOSURE 

Marrs, J.K., Reblin, J.S., Logan, B.A., Allen, D.W., Reinmann, A.B., Bombard, D.M., 

Tabachnik, D., Hutyra, L.R., 2020. Solar-induced fluorescence does not track 

photosynthetic carbon assimilation following induced stomatal closure. Geophysical 

Research Letters 47, 1–11. https://doi.org/10.1029/2020GL087956.  

Abstract 

Since 2006, six satellites measuring solar-induced chlorophyll fluorescence (SIF) 

have been launched to better constrain terrestrial gross primary productivity (GPP). The 

promise of the SIF signal as a proxy for photosynthesis with a strong relationship to GPP 

has been widely cited in carbon cycling studies. However, chlorophyll fluorescence 

originates from dynamic energy partitioning at the leaf level, and does not exhibit a 

uniformly linear relationship with photosynthesis at finer scales. We induced stomatal 

closure in deciduous woody tree branches and measured SIF at a proximal scale, alongside 

leaf-level gas exchange, pulse amplitude modulated (PAM) fluorescence, and leaf pigment 

content. We found no change in SIF or steady-state PAM fluorescence, despite clear 

reductions in stomatal conductance, carbon assimilation, and light-use efficiency in treated 

leaves. These findings suggest that equating SIF and photosynthesis is an 

oversimplification that may undermine the utility of SIF as a biophysical parameter in GPP 

models. 



 

 

8 

Introduction 

The terrestrial biosphere is a crucial sink for anthropogenic emissions of carbon to 

the atmosphere (Pan et al., 2011) and a focal area of Earth systems research (Le Quéré et 

al., 2018). Numerous satellite programs monitor global vegetation, but there is insufficient 

on-the-ground data to fully constrain fluxes and feedbacks in modeled GPP (Anav et al., 

2015; Huntzinger et al., 2017). Recent GPP modeling efforts have incorporated remotely 

measured SIF emitted by vegetation (Porcar-Castell et al., 2014), with satellite SIF 

retrievals reported to show a positive, linear relationship with upscaled GPP model outputs 

(Sun et al., 2018) and flux tower estimates across biomes (Verma et al., 2017; Xiao et al., 

2019). However, the SIF signal originates from a pathway competing with photochemistry 

for absorbed light energy, suggesting that photosynthetic rate could be inversely related to 

fluorescence flux. We hypothesize that strong SIF-GPP correlations arise from a shared 

driver, such as chlorophyll content or strong seasonal changes in alternative sinks for 

absorbed energy (Magney et al., 2019a), rather than a universal ability of SIF to report real-

time insights into the biophysics of photosynthesis. 

SIF contains valuable physiological information. Chlorophyll fluorescence 

emission has been the subject of several decades’ work revealing energy partitioning at the 

leaf level, typically measured using PAM fluorometers (Maxwell and Johnson, 2000). Such 

instruments characterize the competing pathways by which leaves maximize the use of 

energy from absorbed light to power photochemistry, while balancing the need to dissipate 

excess energy to prevent singlet oxygen (1O2)-mediated cellular damage (Baker, 2008). 

Figure 1 depicts the potential fates for a photon with notation, where appropriate, to 
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indicate the associated PAM fluorescence parameters that provide information on each 

energy partitioning pathway. Data collected using PAM fluorometers can be used to 

quantify ΦPSII, the light-use efficiency of linear electron transport (a chain of energy-

generating reactions originating at Photosystem II) in the light reactions of photosynthesis 

(PET). Crucially, the relationship between this parameter and carbon assimilation in the 

dark reactions of photosynthesis (PCF, also referred to as Anet when measured in the context 

of leaf-level gas exchange) is non-linear, due to photorespiration (PRS), particularly at low 

internal concentrations of CO2 (CO2i). 

 

Figure 1. Potential fates for a photon incident on a leaf. Pie chart represents approximate 

partitioning of absorbed energy among these fates. 
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A share of absorbed light is used to support photochemistry in unstressed, healthy 

leaves (Demmig-Adams, 1998), but leaves routinely absorb more photons than can be used 

on an instantaneous basis. While some energy is lost as heat through constitutive, non-

radiative decay (D), leaves may also engage a regulated photoprotective mechanism known 

as energy dissipation (ED) involving carotenoids of the xanthophyll cycle (Demmig-

Adams and Adams, 2006). Energy dissipation can be tracked using PAM fluorescence as 

decreases in Photosystem II quantum yield measured during illumination (Fv’/Fm’) 

(Demmig-Adams and Adams, 2006; Logan et al., 2007). Levels of ED vary in response to 

excess light absorption and generally increase during exposure to environmental stress, at 

times rising dramatically to consume the greatest share of absorbed light (Logan et al., 

1998; Verhoeven et al., 1999). Fluorescence emission accounts for the remaining small 

fraction of absorbed light, typically 1 % to 5 % of incoming radiance (Meroni et al., 2009). 

PAM fluorometers measure Fs, a broadband, leaf-level quantification of steady-state 

fluorescence emission from illuminated leaves. Fs is an actively induced signal generated 

by the measuring beam of a PAM fluorometer, responding to many physiological drivers 

and providing little insight into photosynthetic activity without consideration of other 

physiological parameters (Logan et al., 2007). In contrast, SIF is measured as a faint, but 

highly temporally dynamic enhancement in the apparent reflectance inside spectrally 

narrow solar Fraunhofer lines or atmospheric absorption features (Meroni et al., 2009). 

Since photochemistry and fluorescence represent competing fates for absorbed 

photons, both of which also compete with ED, we may expect them to exhibit a complex, 

perhaps even an inverse relationship, as is observed under conditions (e.g. low light) where 
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ED remains low (Porcar-Castell et al., 2014, 2008). Numerous studies report a positive 

relationship between SIF and GPP (Sun et al., 2018; Verma et al., 2017; Xiao et al., 2019), 

suggesting SIF is a proxy for photosynthesis (Yang et al., 2015). Though the term ‘proxy’ 

indicates an indirect representation used at a scale where direct measurement is impossible, 

its usage in highly cited SIF studies and conference sessions, (e.g. Yongguang Zhang et 

al., 2018) has come to imply a more universal substitution in the literature on global GPP 

modeling. Some researchers have suggested that the strong, direct SIF-GPP relationships 

observed by satellites at the landscape scale may be an artifact of averaging over space, 

time, or view angle (Gu et al., 2019a; Yao Zhang et al., 2018; Z. Zhang et al., 2018), which 

serves to linearize the canopy-scale relationship more than would be observed at a smaller 

spatial or temporal resolution. Even at the leaf-scale, some have found a non-linear 

relationship between SIF and GPP, particularly in high-light conditions where 

photosynthesis saturates while fluorescence emission continues to increase (Gu et al., 

2019a; Magney et al., 2017). Similarly, the magnitude of the change in SIF may not track 

changes in photosynthesis in response to stresses over shorter durations (Helm et al., 2020). 

Thus, while landscape-scale correlation between GPP and SIF is informative, the link 

between SIF and leaf or whole-plant physiology on the ground and on shorter time scales 

remains a crucial area of uncertainty. 

Previous work on this question has involved intermediate-scale measurements from 

towers or airborne platforms, and some authors report sufficient agreement across scales 

to allow for the creation of methods for downscaling satellite data using transformed tower-

based measurements (Duveiller and Cescatti, 2016). However, spatial or temporal 
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aggregation is often employed: though some authors have measured changes in SIF over a 

period of hours following herbicide application (Pinto et al., 2020), correlations in daily 

mean tower-based SIF retrievals and flux tower-based GPP are more commonly reported 

(Wohlfahrt et al., 2018; Yang et al., 2017). Though this aggregation may be justified in the 

context of other studies reporting linear scaling from instantaneous to monthly SIF-GPP 

relationships (albeit at large spatial scales) (Wood et al., 2017), averaging across large diel 

variations limits the ability to track rapid changes in physiological activity.  

Materials & Methods 

Experimental Design 

To evaluate whether remotely sensed SIF tracks changes in photosynthesis at short 

temporal scales, we experimentally manipulated instantaneous leaf PCF by simulating water 

stress in deciduous woody trees (Figure S1). Experimental trees were selected for well-

illuminated, healthy branches extending out from the site treeline, and included three 

individuals of Liriodendron tulipifera, and three oaks, two individuals of Quercus palustris 

and one of Quercus alba. Water stress conditions were simulated using foliar application 

of the plant hormone abscisic acid (ABA) or a pressure cuff to induce emboli in individual 

branches. Both treatments were chosen with the goal of inducing stomatal closure, which 

limits leaf-level exchange of water vapor for carbon dioxide and thereby reduces carbon 

assimilation in treated leaves without influencing leaf pigment content. 

On the morning of 10 July 2019, pre-treatment measurements of SIF, leaf-level gas 

exchange (Anet and stomatal conductance to water, gsw), PAM fluorescence (Fs, ΦPSII, 

Fv’/Fm’), and leaf pigments (chlorophyll pool, chlorophyll a/b ratio, and xanthophyll cycle 
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pigment pool) were made under clear sky conditions. Following pre-treatment 

measurements, experimental manipulations were performed on all branches. Heavy clouds 

and light afternoon rains on 11 July 2019 delayed repeat measurements until the following 

morning. On the morning of 12 July 2019, post-treatment measurements were performed 

on all branches at the same time of day to within two min, under nearly identical sky 

conditions.  

Site Description & FOREST Project 

Data were collected at the Forested Optical Reference for Evaluating Sensor 

Technology (FOREST) site on the campus of the National Institute of Standards and 

Technology (NIST) in Gaithersburg, MD. The FOREST site is a remnant stand of large-

stature forest (~165 Mg C ha-1) dominated by oaks and tulip poplars, and was established 

as an urban testbed for carbon monitoring and instrument development in 2017. 

Complementary biometric and environmental parameters, including soil temperature, soil 

moisture, air temperature, relative humidity, stem respiration, soil respiration, sap flux, and 

atmospheric CO2 concentration were measured at frequent intervals. Further information 

on data collection methodology and spatial trends can be found in (Smith et al., 2019).  

SIF Instrumentation Deployment 

Spectra used in SIF retrievals were collected using two QE Pro (Ocean Insight, 

Largo, Florida, United States) grating spectrometers with a 0.25 nm spectral resolution and 

a 160 nm spectral range centered at approximately 730 nm. Spectrometers were housed 

inside a temperature-controlled building (24 ºC ± 2 ºC on average) facing the FOREST 

treeline, with fiber optic cables running out through wall ports. 
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Measurements of radiance reflected and SIF emitted from the treeline were 

collected using a 127 mm 1250 mm FL (F/10) reflector telescope coupled to a fiber optic 

cable and situated on an external balcony (Figure S2c). When viewing over the 

approximately 100 m distance between balcony and treeline, the telescope field of view 

allowed for measurement of an approximately 0.75 m diameter area of interest. The 

telescope sight was aligned in the field, allowing for targeting of experimental branches 

(Figure S2e) with ± 10 cm accuracy. More details on alignment methodology may be found 

in the Supplemental Information. 

Vegetation was viewed at a nearly perpendicular angle into the side of the treeline, 

rather than from above the canopy (Figure S2a). Multiple scattering within leaves may 

result in proportionally higher near-infrared than red chlorophyll fluorescence emission 

from the undersides of leaves (Van Wittenberghe et al., 2015), which may be more visible 

at our site than from a typical tower. However, since we performed SIF retrievals using the 

Fraunhofer Line Depth (FLD, Plascyk and Gabriel, 1975) method in the near-infrared 

oxygen A-band (O2-A) atmospheric absorption feature, this was not anticipated to pose any 

problems to measurement. Downwelling irradiance was measured using a fiber optic cable 

affixed along the external wall of the building, with an attached Ocean Insight CC-3 opal 

glass cosine corrector extending above the roof. The limitations of this cosine corrector at 

extreme sun angles were characterized using laboratory tests with the fiber and cosine 

corrector mounted on a rotating stage opposite a known light source. Downwelling spectra 

were corrected for underestimation of incident irradiance based on solar zenith angle at the 

time and date of measurement. 
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Prior to deployment, spectrometers were radiometrically calibrated by transferring 

the scale from a calibrated spectroradiometer using an integrating sphere at NIST. These 

radiometric responsivities were determined with the telescope and cosine corrector fore-

optics attached, in order to account for spectral and radiometric effects on measured signal. 

Linear functions determined from laboratory measurements of electronic dark current were 

used to correct individual field measurements based on spectrometer integration time. 

Spectra were corrected as in (Sabater et al., 2018) to account for atmospheric O2 absorption 

along the branch-telescope path length, as determined using a TruPulse 200 hypsometer 

(Laser Technology, Inc., Centennial, Colorado, United States). Further details on all 

corrections and calibrations can be found in (Marrs et al., 2019). 

Spectra were recorded consecutively from the field of view targeted with the 

telescope (n = 20 spectra per branch per day) before and after applying experimental 

treatments, at the same time of day. Spectra were collected with the highest frequency 

allowed by spectrometer integration time, adjusted to achieve 80 % to 90 % of detector 

dynamic range (5.5 s to 12 s, depending on branch illumination levels). Spectra were 

acquired using OceanView software and were processed in RStudio (RStudio Team, 2015) 

with custom R (R Core Team, 2018) code. The 3FLD method (Maier et al., 2003) was 

evaluated alongside the standard FLD approach. We observed a linear relationship between 

retrievals obtained using the two methods, with lower absolute magnitudes of SIF from the 

3FLD retrievals (Figure S3). 
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Kautsky Curve 

To confirm our capacity to detect a physiologically meaningful chlorophyll 

fluorescence signal, we measured the Kautsky effect (Kautsky and Hirsch, 1931), in which 

dark-acclimated photosystems suddenly exposed to light are temporarily unable to perform 

electron transfer, resulting in a large spike in fluorescence intensity as a compensatory 

mechanism, followed by a gradual decline upon the induction of photochemical and non-

photochemical mechanisms of chlorophyll de-excitation. The resulting Kautsky curve 

(Figure S4) shows strong agreement in timing and relative signal magnitude in PAM 

fluorescence and SIF measurements, indicating that our remote spectrometer deployment 

captured the same fluorescence dynamics observed at the leaf level. 

Gas Exchange & PAM Fluorescence 

Leaf-level photosynthetic CO2 assimilation and pulse-amplitude modulated 

chlorophyll fluorescence emission were measured using a LI-COR 6800 photosynthesis 

analyzer with the 6800-01A fluorometer head (LI-COR Biosciences, Lincoln, Nebraska, 

United States) (Figure S2b). Measurements were made on full-sun acclimated leaves in the 

area of interest of the SIF measurements at 1600 µmol photons m-2 s-1, a reference 

concentration of 400 parts per million CO2, a temperature-control block temperature of 30 

°C and a vapor pressure deficit of 2.0, which were intended to simulate ambient conditions 

for parameters other than temperature, which was set slightly above ambient to reduce the 

risk of condensation within the instrument. A timeseries of local meteorological data can 

be found in Figure S5. Branch values represent the mean of triplicate measurements on 

separate leaves. 
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ABA 

To induce stomatal closure, abscisic acid was applied as a foliar spray with 0.25 g 

ABA (plantmedia.com, Dublin, Ohio, United States) dissolved in 25 mL of ethanol. The 

ABA solution was diluted to 0.5 mM ABA in 0.1 % Triton X-100 (~ 2 % ethanol in the 

final spray) and was liberally applied to both sides of all leaves on ABA-treated branches 

twice in the afternoon of the pre-treatment day, following intial measurements (Figure S2f). 

Leaves were treated a second time as above with freshly prepared ABA solution just after 

dawn on 12 July 2019.  

Pressure Cuff 

We introduced emboli into the xylem of branches to simulate water stress, prompt 

stomatal closure, and lower leaf photosynthetic rates. In preliminary testing, it took several 

hours for pressurizations to affect leaf gas exchange. Experimental branches were 

pressurized in the late afternoon of 10 July 2019. To introduce emboli, we used a split 

pressure chamber (Adams and Demmig-Adams, 1992; Hubbard et al., 2001) sealed around 

branches to inject pressurized nitrogen gas into the xylem. Machined blocks of aluminum 

were bolted together and sealed around an attached branch (Figure S2d). This chamber 

enclosed a 10 cm long length of a branch ranging from 1 cm to 2 cm in diameter. The 

chamber was sealed around the projecting branches using conical rubber gaskets fitted 

around the stems that expanded radially when compressed by tightening mated aluminum 

end caps into matching keyways on the chamber. Once sealed, the chamber was slowly 

pressurized to 6.9 MPa using compressed nitrogen gas. The chamber was held at that 
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pressure for 10 min and was then vented slowly and allowed to return to atmospheric 

pressure.  

In preliminary testing of species with diffuse-porous wood, the leaves on pressure-

treated branches wilted significantly following pressurization while leaves from ring-

porous species did not. To avoid changes in leaf geometry that might alter remotely 

measured SIF in ways that were unrelated to the impacts of the stem pressurization on leaf 

photosynthesis, we did not pressure treat branches of L. tulipifera as it has diffuse-porous 

wood and instead focused the branch pressurizations on ring-porous Quercus sp. in this 

study. No wilting was observed in pressurized Quercus branches. 

Leaf Chlorophylls & Carotenoids – Extraction & Quantification 

Leaf samples for the analysis of chlorophylls and carotenoids were collected from 

designated pigment-monitoring leaves on each branch both before and after experimental 

manipulations were performed. These collections were coordinated temporally with 

measurements of all other parameters made on adjacent leaves of the same focal branches 

in the same light environment.  At the point of collection, leaf samples were immediately 

frozen in liquid nitrogen and were stored at -80 °C until processed.  Leaf pigments were 

extracted from these stored samples in acetone according to (Adams and Demmig-Adams, 

1992) modified as described in (de Viller et al., 2017). Following extraction, leaf pigments 

were quantified by high performance liquid chromatography (HPLC) as described in (de 

Viller et al., 2017). 



 

 

19 

Statistical Analyses 

For each tree, one adjacent healthy branch was designated as a control for 

comparison to treated branches on the same tree. To account for environmental or other 

external changes across field measurement days, control branch data were used as a 

baseline for comparison with treated branches on the same tree, with the assumption that 

all neighboring branches on a tree shared similar physiological conditions before the 

experiment began. However, in order to compare across sets of branches, it was necessary 

to control for between-tree variability. Such variability was especially evident in SIF 

retrievals (see Figure 3), but analyses were performed identically for all parameters. Data 

were analyzed using linear mixed-effects (LME) models of the interaction between time 

(pre- vs. post-treatment) and treatment type, with tree identity held as a random effect. 

Statistical analyses were performed with R (R Core Team, 2018) in Rstudio (RStudio 

Team, 2015). LME models were constructed and run using the lme4 package (Bates et al., 

2015), and 95 % confidence intervals around the coefficient for the interaction term were 

calculated using the effects package (Fox and Weisber, 2019). 

Results 

Following experimental manipulations, both Anet and gsw decreased significantly, 

falling nearly to zero (Figure 2). These results indicate that both types of manipulations 

were effective in reducing stomatal conductance to water and CO2, resulting in a nearly 

complete shutdown in PCF. In order to relate these changes back to SIF, they must be 

assessed in the context of overall energy partitioning in these treated leaves. PAM 

fluorescence measurements of ΦPSII show a significant reduction following treatment, 
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albeit of a smaller magnitude than observed in gsw and Anet. This indicates decreased light-

use efficiency of PSII and suggests, in the context of the lower carbon fixation observed in 

leaf-level gas exchange measurements, that a greater fraction of the energy from PET is 

being used for photorespiration after stomatal closure. With observed reductions to energy 

use in PCF, we expected to see increases elsewhere. Values of Fv’/Fm’ decreased by 20 ± 7 

% after treatment, indicating increased levels of ED as a compensating mechanism. These 

observations show that our experimental treatments altered leaf-level energy partitioning, 

with gas exchange and PCF dramatically reduced, and complementary increases in PRS and 

ED. Critically, we observe no consistent trends in SIF or Fs that would be indicative of 

these dramatic changes observed in other energy partitioning parameters.  
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Figure 2. Trends in SIF, gas exchange, and PAM fluorescence parameters. Error bars represent 

95 % confidence intervals determined from LME models. Points are means from pre-treament 

(“Pre”) and post-treatment (“Post”) days.  

Individual SIF retrievals from trees targeted in this experiment are variable, with 

large branch-to-branch differences in magnitude (Figure 3). While this variability is 

common and the motivation for spatial and temporal aggregation performed in many 

studies, we present all data points here for transparency and ease of comparison with Fs 

values measured from the same branches. SIF varies strongly with instrument field of view, 

incident light variations, leaf density and angle, and chlorophyll content (Verrelst et al., 

2015). Some SIF retrievals on branches with a smaller proportion of illuminated vegetation 

in the instrument field of view result in small negative values. Negative SIF is a physical 

impossibility and an artifact of the calculations underlying SIF retrievals, but it also 
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highlights the importance of external drivers on the final magnitude of a recorded SIF 

value. Similarly, Fs values are variable, with no consistent direction of change between pre- 

and post-treatment values from treated branches. We observe no changes in leaf 

chlorophyll pools and a significant change in xanthophyll cycle pool size in only 

pressurized Quercus branches post-treatment (Table 1), and thus can rule out the scenario 

in which such changes might obscure an otherwise significant trend in SIF or Fs. Neither 

fluorescence parameter, if used as a stand-alone monitoring method, would have provided 

insight into the nearly complete elimination of photosynthetic carbon assimilation, nor 

given clear insight into resulting adjustments in leaf-level energy partitioning. Note that 

the data presented here were collected following experimental manipulations to three tree 

species at one study site, this does not necessarily provide universal insight into the range 

of physiological conditions under which SIF may be measured. 
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Figure 3. Variability in fluorescence measurements. Individual Fs and SIF. Boxes show 25th 

percentile, median, and 75th percentile with lines extending to 1.5 times the interquartile range. 

Oaks 1 and 3 are Quercus palustris; Oak 2 is Quercus alba. 
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 Control  Treated 

Parameter Species Pre-

Treatment 

Post-

Treatment 

Treatment Pre-

Treatment 

Post-

Treatment 

Chlorophyll  

Pool  

(Chl a+b) 

(µmol m-2) 

Quercus 

species 

457 ± 

109.9 

 

491 ± 

110.3 

 

ABA 435 ± 109.9 427 ± 109.9 

Pressurized 433 ± 116.2 431 ± 116.2 

Tulip 

Poplar 

549 ± 69.4 533 ± 76.4 ABA 520 ± 69.4 537 ± 69.4 

 

Chl a:b 

Ratio 

Quercus 

species 

3.4 ± 0.19 

 

3.4 ± 0.19 

 

ABA 3.3 ± 0.19 3.4 ± 0.19 

Pressurized 3.3 ± 0.15 3.3 ± 0.15 

Tulip 

Poplar 

2.7 ± 0.06 2.7 ± 0.07 ABA 2.7 ± 0.06 2.7 ± 0.06 

Xanthophyll 

Pool  

(V+A+Z) 

(µmol m-2) 

Quercus 

species 

34.3 ± 6.25 

 

34.9 ± 6.43 

 

ABA 34.1 ± 6.25 42.3 ± 6.25 

Pressurized 29.2 ± 5.19 50.0 ± 5.19 

Tulip 

Poplar 

31.7 ± 

12.19 

39.7 ± 

13.02 

ABA 32.5± 12.19 45.1 ± 12.19  

 

Table 1. Leaf chlorophyll and xanthophyll concentrations. Error ranges represent 95 % 

confidence intervals determined from linear mixed effects models. Xanthophyll pigments include 

V = violaxanthin, A = antheraxanthin, and Z = zeaxanthin. 

 

Conclusions 

How do we reconcile the ambiguity in our observations with the strong SIF-GPP 

relationships found at larger scales? Traditional models of GPP define it as the product of 

the photosynthetic light-use efficiency (ΦP) of vegetation and absorbed PAR (APAR, the 

product of PAR intensity and the fraction absorbed by photosynthetic elements on the 

ground) (Monteith, 1972). SIF, as a phenomenon intrinsically connected to the use or 

dissipation of incoming light, should contain information about both ΦP and APAR 

(Porcar-Castell et al., 2014), meaning that it can be related back to modeled GPP. A typical 

formulation of this relationship sets SIF = ΦF • APAR • fesc, where ΦF is fluorescence 

yield (Berry et al., 2013) and fesc represents the escape probability of fluorescence (Yoshida 

et al., 2015). The latter is a crucial factor when modeling the proportion of fluorescence 

emitted at the leaf level that will reach the outer canopy without being scattered or 
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reabsorbed (Dechant et al., 2020; Verrelst et al., 2015), but one that we can assume to 

remain constant over a daily course of measurements. Most work on SIF assumes constant 

ΦF : ΦP in order to formulate the linear relationship between SIF and GPP that matches 

observations at large scales. However, recent work questions these assumptions, 

suggesting SIF tracks rates of linear electron transport, thus only providing insights into 

the light reactions of photosynthesis (Gu et al., 2019a). 

If SIF is directly affected by the light reactions, we should not expect it to mirror 

changes in gas exchange and carbon assimilation, consistent with our experiments. Instead, 

we propose the hypothesis that the SIF-GPP relationship at large spatial and temporal 

scales is the result of a shared driver. Chlorophyll content in the vegetated area of interest 

is a fundamental property relating these two processes; areas with denser vegetation or 

higher chlorophyll concentrations may fix more carbon and emit more chlorophyll 

fluorescence. The link between chlorophyll content and APAR has motivated the use of 

traditional greenness indices as GPP model inputs that may perform nearly as well as SIF 

when used in combination with other environmental parameters (Sims et al., 2008), and 

has been demonstrated to drive fluorescence dynamics within canopies (Maguire et al., 

2020). Nonetheless, the influence of xanthophyll pigments and ED must also be considered 

in order to explain seasonal variability in SIF from evergreen forests (Magney et al., 

2019a). 

SIF has often been described as a proxy for photosynthesis. However, findings from 

the PAM fluorescence literature show that this is an oversimplification at small spatial and 

temporal scales, and one that may undermine the utility of the SIF signal as part of a 
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complex, but fundamental biophysical process. Previous studies using herbicides that fully 

inhibit PET show increased SIF after treatment (Pinto et al., 2020; Rossini et al., 2015), 

indicating a clear linkage to leaf-level energy partitioning, though with the opposite trend 

as satellite-based SIF-GPP relationships. In order to take full advantage of information 

provided by remotely measured chlorophyll fluorescence, a fuller picture of energy 

partitioning on the ground is needed. In particular, this includes a need to better characterize 

energy dissipation dynamics. This may be accomplished in a number of ways; for example, 

the photochemical reflectance index (PRI) (Gamon et al., 1992) provides insight into the 

xanthophyll cycle by which energy dissipation is regulated, and can be measured at a 

variety of scales to match tower, airborne, or satellite SIF measurements. The ability to 

relate leaf-level phenomena to global processes requires data collection and synthesis 

across multiple scales. SIF offers tremendous promise for improving the characterization 

of terrestrial carbon exchange, and a fuller understanding of the boundaries on its utility 

and interpretation will help to create more reliable models of global productivity. 
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CHAPTER THREE: INSTRUMENTATION SENSITIVITES FOR TOWER-

BASED SOLAR-INDUCED FLUORESCENCE MEASUREMENTS 

Marrs, J.K., Jones, T.S., Allen, D.W., Hutyra, L.R., 2021. Instrumentation sensitivities for 

tower-based solar-induced fluorescence measurements. Remote Sensing of 

Environment 259, 112413. https://doi.org/10.1016/j.rse.2021.112413  

Abstract 

Solar-induced chlorophyll fluorescence (SIF) has been widely cited as a proxy for 

photosynthesis and is being incorporated as a common input in terrestrial primary 

productivity models. Though satellite-based SIF products show close relationships with 

terrestrial gross primary productivity (GPP), there is wide variability in the magnitude of 

published SIF retrievals made at intermediate scales. In a meta-analysis of the tower-based 

and airborne SIF literature, we found that mean SIF retrievals from unstressed vegetation 

spanned a wide range, from 0.041 mW m-2 nm-1 sr-1 to 14.8 mW m-2 nm-1 sr-1, with a 

majority of values falling below 4 mW m-2 nm-1 sr-1. We compiled information on reported 

spectrometer calibration procedures, hardware characterizations, and associated 

corrections from these same papers, and found inconsistent reporting on if and how key 

calibration methodology was performed. In order to quantify the importance of such 

methodological differences on final SIF retrievals made at a proximal scale, we performed 

radiometric calibrations and corrections for electronic dark current, detector noise, 

atmospheric O2 absorbance, and cosine corrector effects on three field-deployed 

spectrometers. We found dramatic changes in SIF retrieval magnitude before and after 

applying calibrations and corrections, as well as significant differences between instrument 
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performance in the field and expected performance based on laboratory characterizations. 

Based on these tests, and on a Monte Carlo simulation of uncertainty estimates associated 

with each of these corrections, it is likely that calibration methodologies and hardware 

characterizations explain some of the observed variability in published SIF retrievals. This 

wide range in baseline SIF retrieval methodologies and resultant magnitudes severely limit 

researchers’ ability to synthesize and advance the utility of SIF in modeling GPP across 

scales. Further, variability in calibration and correction methodology may explain the weak 

SIF-GPP relationship across studies at tower scales. 

Introduction 

The terrestrial biosphere is a crucial sink for anthropogenic emissions of carbon to the 

atmosphere (Pan et al., 2011), but is also the source of the largest uncertainties in estimated 

global carbon budgets (Le Quéré et al., 2018). These uncertainties arise in part because 

global models of the GPP of vegetation are limited by insufficient data to fully constrain 

outputs (Anav et al., 2015) and by underlying assumptions that oversimplify real-world 

heterogeneity. Long-running satellite programs have persistently monitored global 

vegetation via greenness indices (Thompson et al., 2017), but these also suffer limitations 

associated with saturation at moderately high leaf area (Asner et al., 2004). As a potentially 

more direct measure of GPP, there has been increasing interest in SIF (Ryu et al., 2019), a 

faint chlorophyll fluorescence signal originating from the dissipation of excess light 

absorbed by plants (e.g. Krause and Weis, 1991). If more energy is absorbed by a leaf than 

can be used for photosynthesis on an instantaneous basis, plants may re-radiate light at a 
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longer wavelength as one of several strategies to dissipate this unused energy and avoid 

cellular damage (Baker, 2008; Porcar-Castell et al., 2014). 

Recent advances in remotely measuring GPP take advantage of this signal as a means 

of remotely tracking primary productivity. Satellite platforms measure SIF as a weak 

enhancement in the apparent reflectance inside solar Fraunhofer lines and atmospheric 

absorption features (Meroni et al., 2009). SIF shows a strong linear relationship with GPP 

at the satellite scale (Frankenberg et al., 2011; Sun et al., 2018; Verma et al., 2017). 

However, the near-universal correlation reported between satellite SIF and flux tower 

estimates of GPP (X. Li et al., 2018; Xiao et al., 2019) may be driven by satellite view 

angle (Z. Zhang et al., 2018), canopy structure (Dechant et al., 2020) and temporal 

aggregation or averaging (Lin et al., 2019), independent of a physiological link. In general, 

averaging over areas of vegetation with heterogeneous physiological states likely linearizes 

the satellite SIF-GPP relationship to a greater degree than would be observed at the leaf 

level (Gu et al., 2019a). While the relationship between GPP and SIF is also encouraging 

at tower and airborne scales (Magney et al., 2019a; Yang et al., 2017; Zarco-Tejada et al., 

2016), the link between SIF measured from a remote platform and plant physiology on the 

ground remains a crucial area of study.  

Previous work confronting these challenges has employed intermediate-scale 

measurements from towers, drones, or light aircraft, which offer the opportunity for closer 

comparisons with flux tower and leaf-level quantifications of primary productivity. There 

is some evidence that the SIF-GPP relationship may hold across spatial and temporal scales 

(Duveiller and Cescatti, 2016; Wieneke et al., 2018; Wood et al., 2017) and that more 
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nuanced relationships observed at finer spatiotemporal scales may not contradict linear 

relationships found elsewhere (Magney et al., 2020). Nonetheless, other authors show that 

intermediate-scale SIF measurements are subject to diurnal (Campbell et al., 2019; 

Middleton et al., 2017), seasonal (Liu et al., 2017; Nichol et al., 2019), and structural 

(Goulas et al., 2017; Migliavacca et al., 2017) effects that influence attempts to directly 

relate these values to GPP. Additionally, the interpretation of SIF values measured from 

towers and aircraft is complicated by the variety of associated instrumentation and 

measurement geometries. There are substantial uncertainties around absolute SIF retrieval 

magnitude associated with differences in spectral resolution (Julitta et al., 2016), changes 

in ambient temperature (L. Li et al., 2018), atmospheric conditions along the viewing path 

to vegetated targets (Sabater et al., 2018), sensor noise (Burkart et al., 2015), stray light 

effects (Albert et al., 2019), SIF retrieval method (Chang et al., 2020a), and the calibration 

and characterization of deployed hardware. Various methods for accounting for each of 

these potential error sources have been considered (Gu et al., 2019b) and their influence on 

final SIF retrievals quantified within individual field-deployed systems (Frankenberg et al., 

2018; Grossmann et al., 2018). While each of these factors may individually contribute 

only a small amount of error, these uncertainties compound when attempting to retrieve a 

dynamic fluorescence signal that counts for only 1 % to 5 % of incoming radiance (Meroni 

et al., 2009). Recent work by Pacheco-Laborador and colleagues (2019) modeled the 

effects of numerous potential sources of uncertainty originating from typical SIF-

measuring instrumentation and hardware. In this work, we sought to investigate how these 

crucial factors have been taken into account in the published literature, and to expand upon 
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this comprehensive characterization of error sources by investigating the effects of 

instrument deployment in a field setting.    

We performed a meta-analysis of SIF values and retrieval methods, target type, 

vegetation stress conditions, hardware specifications, and calibration methodology. We 

contextualized calibrations and hardware characterizations in our field-based system 

within the published literature on tower-based and airborne SIF retrievals. That literature 

stretches back nearly two decades and includes a wide variety of measurement platforms 

deployed across seasons and land cover types for a variety of purposes. In order to 

understand and correct for these same effects on a field-deployed system, we performed a 

variety of calibrations and characterizations in both laboratory and field settings. Using 

those data, we analyzed the effects of these factors on the magnitude of, and uncertainty 

around, retrieved SIF values. Using these two complementary analyses, we examined 

sources of hardware-based and environmental uncertainty that may contribute to variability 

in SIF retrieval magnitude and SIF-GPP relationships at intermediate scales. 

Methodology 

Meta-analysis 

In order to capture information on SIF values observed at the tower scale, we performed a 

meta-analysis of the published literature. On 19 September 2019, a Web of Science search 

was performed using the search terms “sun induced fluorescence” OR “solar induced 

fluorescence” AND “tower” (capitalized conjunctions indicate search engine logical 

operators). The search was repeated with the term “airborne” in place of “tower,” but this 

search yielded an identical list. Our search returned 246 papers, and an initial check was 
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performed by scanning abstracts and methods sections for mentions of SIF data collected 

from tower, drone, crane, or airborne platforms. Studies of only data from satellite-based 

platforms or which concerned only modeling work with no field component were excluded 

from this analysis. This resulted in a final pool of 91 papers published since 2003, which 

were then examined in depth. Details were extracted on numerous variables, including 

maximum and mean SIF values for control and (if applicable) stress conditions, instrument 

specifications, target vegetation location and species, data collection protocol, SIF retrieval 

method, and whether and how a variety of calibrations and corrections were performed. 

Calibrations and corrections investigated included those that introduce random error, such 

as stray light and detector signal-to-noise ratio, those that can introduce constant offsets, 

such as the choice of a radiometric light source for calibration, those that are dependent on 

sun angle and illumination level, such as detector nonlinearity, correction for electronic 

dark signal, or choice of cosine corrector material, as well as distance-dependent effects of 

atmospheric corrections. A plot visualizing the number of corrections applied by the papers 

in this analysis can be found in Figure S6a. Data were recorded for a total of 61 variables; 

the full results of this meta-analysis can be found in Table S1 (references cited in Table S1 

include Alonso et al., 2017; Amoros-Lopez et al., 2006; Atherton et al., 2016; 

Bandopadhyay et al., 2019; Buddenbaum et al., 2015; Burkart et al., 2015; Campbell et al., 

2019; Cecchi et al., 2003, 1994; Cendrero-Mateo et al., 2018; Cheng et al., 2013; Cogliati 

et al., 2018, 2012; Colombo et al., 2016; Corp et al., 2006; Damm et al., 2010; Daumard et 

al., 2016, 2012, 2010; Ding et al., 2017; Drolet et al., 2014; Du et al., 2019; Frankenberg 

et al., 2018; Gamon et al., 2018; Garzonio et al., 2017; Gerhards et al., 2018; GomezChova 
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et al., 2006; Goulas et al., 2017; Grossmann et al., 2018; Hernandez-Clemente et al., 2017; 

Hu et al., 2018, 2017; JB-Hyperspectral Devices UG, 2019; Jimenez et al., 2018; Jülich 

Research Centre, 2014; Liu et al., 2017, 2005; Lu et al., 2018; Lucieer et al., 2014; Magney 

et al., 2019a; Makisara et al., 1993; Meroni et al., 2011; Miao et al., 2018; Middleton et al., 

2017, 2007; Migliavacca et al., 2017; Moya et al., 2006; Ni et al., 2016; Nichol et al., 2019; 

Paul-Limoges et al., 2018; Perez-Priego et al., 2015; Pinto et al., 2017; Qiu et al., 2018; 

Raczka et al., 2019; Rascher et al., 2015, 2009; Rossini et al., 2016, 2015, 2010; Shan et 

al., 2019; von Hebel et al., 2018; Wieneke et al., 2018; Wohlfahrt et al., 2018; Wyber et 

al., 2017; Xu et al., 2018; Yang et al., 2017, 2018, 2015; Zarco-Tejada et al., 2016, 2013; 

Y J Zhang et al., 2018). A majority, 61 papers, reported SIF data in radiometric units, rather 

than as uncalibrated digital numbers, or relative quantifications of fluorescence magnitude. 

Of these, 24 also reported data on GPP, gross ecosystem productivity (GEP), or leaf-level 

net carbon assimilation (Anet) on the same vegetation targets from which SIF data were 

collected.  

Maximum and mean values of SIF and primary productivity were taken directly 

from the publication when possible, or were extracted as hand-digitized points from 

relevant figures using Plot Digitizer software (Huwaldt, 2015). All available points from 

relevant figures were digitized, sometimes including those representing variable sky 

conditions or low-light hours. However, many authors specified that their reported data 

were filtered for the influence of clouds or otherwise filtered to include only SIF retrievals 

made in high-light conditions; no paper represented in this meta-analysis presented data 

from exclusively low-light conditions. Because of differences in scope across all the papers 
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in this analysis, the mean values in Table S1 represent averages over different time scales. 

Details of these differences in temporal scale are noted in the table, but were not analyzed 

in detail here. 

Study Site 

Field measurements were made at the Forested Optical Reference for Evaluating 

Sensor Technology (FOREST) test site, established in 2016 on the campus of the National 

Institute of Standards and Technology (NIST) as a testbed for urban carbon monitoring 

alongside instrument calibration and validation procedures (Marrs et al., 2020). The 

FOREST site is a remnant stand of large-stature forest (~165 Mg C ha-1) dominated by 

oaks and tulip poplars. Within a one hectare plot, biometric and environmental parameters, 

including soil temperature, soil moisture, air temperature, relative humidity, stem 

respiration, soil respiration, sap flux, and atmospheric CO2 concentration were measured 

at frequent intervals as detailed in Smith et al. (2019). Complementary atmospheric 

measurements from a nearby weather station on the NIST campus further facilitated the 

examination of links between observable optical signals and underlying biophysical 

phenomena. 

Laboratory Calibration & Characterization 

Three Ocean Insight QE Pro grating spectrometers were characterized during the 

process of testing and deploying field instrumentation. Over the course of the 2017 – 2019 

summer field seasons, the same spectrometer (QE Pro 1) was used to measure reflected 

radiance and fluorescence from vegetated targets. One spectrometer (QE Pro 2) was used 

to measure downwelling solar irradiance during the 2017 season, and was replaced with 
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QE Pro 3 for the 2018 and 2019 field seasons. All field SIF retrievals presented here were 

collected with a dual-spectrometer setup, where QE Pro 1 collected reflected radiance and 

fluorescence, and either QE Pro 2 or QE Pro 3 (depending on the year) was used to measure 

downwelling irradiance. Although the use of a dual spectrometer system may introduce 

some errors due to small spectral offsets even between spectrometers with the same 

specifications (Cendrero-Mateo et al., 2019), we chose this configuration in order to 

simultaneously measure sky and vegetation targets, thereby avoiding issues of differential 

illumination in sequential measurements. All spectrometers had an F-number of 4, a full 

width at half maximum of 0.45 µm, and used a #H36 grating, a 5 µm slit size, and 1044 

pixel detectors. Table 2 summarizes the details of spectral range and resolution for each 

instrument. 

Instrument Spectral Range Dispersion 

QE Pro 1 650.2 nm to 883.6 nm 0.225 nm/pixel 

QE Pro 2 650.3 nm to 878.6 nm 0.221 nm/pixel 

QE Pro 3  650.2 nm to 876.5 nm 0.219 nm/pixel 

Table 2. Spectrometer Specifications. Spectral range and resolution details for three grating 

spectrometers used in our analyses. Values in this table differ slightly from the nominal values 

specified by the manufacturer.  

Radiometric Responsivity 

The spectral radiance responsivity of each of our spectrometers was determined by 

transferring the scale of a calibrated Spectral Evolution SR3500 spectroradiometer 

(Spectral Evolution, Haverhill, Massachusetts, United States) using a large lamp-

illuminated integrating sphere (diameter = 1.2 m with a 45 cm exit port). Radiometric 

responsivity values convert the raw digital number (DN) values recorded by the 
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spectrometer detector into physical units of radiance (L) or irradiance (E). The fiber optic 

of the transfer spectroradiometer (TS) was mounted alongside the fiber and fore-optic of 

each instrument to be characterized, positioned so that the field of view was filled by the 

aperture of the integrating sphere.  

In the case of the instrument used to measure radiance, the responsivity was 

calculated as in Equation 1. The radiance-measuring spectrometer (RMS) was attached to 

an Ocean Insight QP400-2-VIS-NIR fiber optic cable; this cable was 2 m in length with a 

400 µm core diameter. This fiber optic cable was coupled via a SubMiniature version A 

(SMA) connector to a 127 mm diameter reflector telescope with a focal length of 1250 mm 

(F/10). Radiometric responsivity was determined with this telescope attached as in the field 

deployment. The telescope lens and calibrated spectroradiometer fiber tip were placed 49.5 

cm from the integrating sphere aperture, a distance at which it was empirically determined 

that light from the integrating sphere filled the full field of view of the telescope.  

 Responsivity = (DNRMS – DNRMS, dark) / LTS (1) 

Each spectrometer used to measure irradiance was deployed in the field and 

radiometrically calibrated with an Ocean Insight CC-3 cosine corrector attached via an 

SMA connector to an Ocean Insight custom fiber optic cable, 6.67 m in length with a 400 

µm core diameter. To account for the diffusive properties of this cosine corrector, 

additional considerations were made during calibration design and responsivity calculation 

(Figure S7). In order to avoid distance dependence issues when working with irradiance-

measuring instruments, these measurements were made from a distance (Daf = 139.7 cm) 

at which the signal was empirically determined to plateau at equal or greater distances. To 
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correct for the signal measured by the transfer spectroradiometer, which was not equipped 

with a cosine corrector, the aperture-fiber distance (Daf) and aperture area (Aaperture) were 

used to determine the solid angle (ω) being measured, and to convert the transfer 

spectroradiometer signal into irradiance values before calculating responsivity, as shown 

in Equations 2 to 4, where IMS is the irradiance-measuring spectrometer. 

 ω = Aaperture / Daf
2 (2) 

 ETS = LTS • ω (3) 

 Responsivity = (DNIMS – DNIMS, dark) / ETS (4) 

Laboratory Signal-to-Noise Ratios 

Multiple spectra (n = 30 for radiance-measuring spectrometer; n = 5 for irradiance-

measuring spectrometers) were collected and averaged in order to determine radiometric 

responsivities from the large integrating sphere. Numbers of spectra were determined based 

on integration time needed to reach 80 % to 90 % of detector saturation, as well as the low 

variability in signal from the integrating sphere. The standard deviation between repeated 

measurements from the integrating sphere light source is approximately 5 x 10-5 W m-2 nm-

1 sr-1. Using these data, signal-to-noise ratios (SNR) were calculated by normalizing the 

mean of consecutively collected spectra by their standard deviation. Since the integrating 

sphere is a stable light source over the time of repeat spectrum collection, these represent 

SNR values under laboratory conditions with low humidity and stable temperature. 

Fore-Optics 

Potential spectral effects of attached fore-optics were also tested by mounting 

spectrometers side by side on a balcony platform under clear sky conditions with all fore-
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optics removed. Spectra of sky illumination were recorded, then the same fiber was 

attached to each instrument one by one and the sky was re-measured. A cosine corrector 

was added to the end of the fiber following each measurement and sky illumination was 

again measured. All measurements for each instrument were made within 20 min of each 

other. No spectral shifts were observed as a result of attaching any fore-optics; more details 

and results of this test were described by Marrs et al. (2019).  

Cosine Corrector 

A cosine corrector is a small disc of diffusive material added to the end of a fiber 

optic cable in order to reduce the angular effects of solar position when measuring 

downwelling irradiance in the field. While a perfect cosine corrector would collect light 

over a full 180º, allowing integrated measurements from the full hemisphere of the sky, 

imperfections in the diffusive disc or its housing would result in a more limited field of 

view and a potential underestimation of incoming irradiance. In order to characterize 

different diffusive materials used in the cosine correctors being considered for our final 

field deployment, we tested the performance of three cosine correctors in a laboratory 

setting.  

A spectrometer-coupled fiber optic cable was mounted on a rotating stage on one 

end of a laboratory optical bench. At the other end (distance = 232.4 cm), a 1000 W FEL 

lamp (FEL is a lamp designation, not an acronym; see Fraser et al., 2007) was mounted, 

centered in front of an alignment laser. A cosine corrector was connected to the front of 

the fiber optic cable, and a first measurement was made with the fiber aligned directly 

toward the FEL lamp, simulating a measurement with the sun directly overhead (simulated 
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solar zenith angle (SZA) = 0º). Measurements repeated at 10º increments away from the 

lamp in each direction, simulating solar zenith angles up to 60º. Photos of this experimental 

design can be found in Figure S8. This procedure was performed using Ocean Insight CC-

3 opal glass, Ocean Insight CC-3-UV-S Spectralon, and Ocean Insight CC-3-UV-T Teflon 

cosine correctors. The latter two materials are both made of polytetrafluoroethylene 

(PTFE); Teflon has a higher density and lower transmissivity than Spectralon (Tsai et al., 

2008). In order to account for diffuse reflectance off other surfaces in the laboratory, a post 

(1.27 cm in diameter) was placed between the diffuser and FEL lamp, at a distance of 52.1 

cm from the lamp. Black tape was added to the side of the post facing the diffuser in order 

to further reduce stray light reflected back in the direction of measurement. Measurements 

were repeated with the post in place with all diffuser materials at all angles, and the 

resulting diffuse signals were subtracted during analysis. 

The performance of each diffusive material was characterized by comparing the 

amount of light collected at a simulated solar zenith angle of 0º to that collected at each 

angle away from center. With a perfect cosine corrector, the amount of measured light 

should fall off at extreme angles following a cosine function, where we would expect to 

see a 50 % reduction in measured light intensity at 60º away from center. Reductions below 

this expected cosine curve in the laboratory translate to an underestimation of incoming 

irradiance in the field. This underestimation was calculated at multiple wavelengths in 

order to characterize spectral dependence in cosine correction. In order to characterize what 

these underestimations mean for SIF retrievals, custom R code (R Core Team, 2018) 
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simulating solar geometry was written and run in RStudio (RStudio Team, 2015) to 

estimate resulting error at different times of day and year.  

Electronic Dark Current 

Detector electronic dark current was characterized in the laboratory by varying the 

integration time of measurements made while blocking light from the fiber port of each 

instrument. A linear function was fit to each set of measurements in order to describe the 

increase in dark current signal with increasing integration time. Data used to fit these linear 

functions were visualized by Marrs et al. (2019). During field measurements, these 

spectrometer-specific functions were used to subtract expected electronic dark current 

based on measurement integration time.  

Field Characterizations 

At the FOREST field site, spectrometers were housed inside a temperature-

controlled building (24 ºC ± 2 ºC) facing the FOREST treeline, with fiber optic cables 

running out through wall ports. The telescope used to measure reflected radiance from the 

treeline was situated on an external balcony, coupled to one of the fiber optic cables. The 

balcony extends from the third story of the field building, such that the treeline was viewed 

at a nearly perpendicular angle (Figure S9). Although this view angle is more extreme than 

in some other tower systems, our meta-analysis revealed a wide range in view zenith angles 

in systems studied here (Figure S10). When viewing over the approximately 100 m 

distance between balcony and treeline, the telescope field of view was approximately 0.75 

m. Downwelling irradiance was measured using a fiber optic cable affixed along the 
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external wall of the building, with the cosine corrector extending above the roof. For all 

field data presented here, a cosine corrector with an opal glass diffuser was used. 

Field Signal-to-Noise Ratios 

SNR values measured in the laboratory can provide an estimate of an instrument’s 

performance when measuring a stable light source in controlled conditions. However, the 

SIF signal is faint and temporally dynamic, and must be retrieved from radiance and 

irradiance signals. SIF retrievals presented here were performed using the Fraunhofer Line 

Depth (FLD) method (Plascyk and Gabriel, 1975), in which SIF is retrieved as an in-filling 

in the atmospheric O2-A absorption feature. This involves a transformation of spectral 

radiance and irradiance signals measured at 757.5 nm (λout) and 760.5 nm (λin); the full 

formula is presented in Equation 5.  

 SIF = [(Eλout • Lλin) – (Lλout • Eλin)] / (Eλout – Eλin) (5) 

Due to changes in solar position over hours and seasons, dynamic atmospheric 

conditions, and changes in leaf angle and illumination due to wind, we can expect both 

lower signal intensity and higher variability in the field than in the laboratory. In order to 

characterize these differences, SNRs were calculated from a time series of data collected 

continuously from 11:30 to 14:30 local time (15:30 to 18:30 GMT) on 6 September 2018 

(day of year 249) for radiance and irradiance data at both in- and out-of-band wavelengths, 

as well as the resulting SIF retrievals. Each SNR time series was calculated as the mean of 

values recorded within a 5 min interval divided by the standard deviation of those values. 
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Atmospheric Correction 

Over the approximately 100 m path length between vegetation and balcony-

mounted instrumentation (and even over much smaller distances), it is necessary to apply 

an atmospheric correction to recorded spectra in order to account for additional absorption 

by atmospheric O2 along this 100 m path length. Atmospheric transmissivity at 760.5 nm 

(inside the well of the O2-A absorption feature) was calculated as in Sabater et al. (2018) 

to account for atmospheric O2 absorption, using air temperature, air pressure, and relative 

humidity data recorded as near as possible to the time of measurement. These values were 

also adjusted to the path length between the telescope and canopy area of interest, as 

determined using a TruPulse 200 hypsometer. The inverse of this transmissivity was then 

used to correct for the signal lost along the path from the treeline to the telescope. 

Physiological Measurements 

Given the many above-described factors that affect field measurements of SIF, we 

performed a test to confirm that our deployed instrumentation could be used to measure a 

physiologically meaningful chlorophyll fluorescence signal. The Kautsky effect is a 

phenomenon in which photosystems of dark-acclimated vegetation suddenly exposed to 

light are temporarily unable to perform electron transfer, resulting in a large spike in 

fluorescence intensity as a compensatory mechanism, followed by a gradual decline upon 

the induction of photochemical and non-photochemical mechanisms of chlorophyll de-

excitation (Kautsky and Hirsch, 1931). This effect is traditionally measured using a pulse-

amplitude modulated (PAM) fluorometer at the leaf level (Maxwell and Johnson, 2000), 

but can also be captured by remote observations.  
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A portion of Quercus alba (white oak) foliage, approximately 2 m in diameter and 

100 m from the field building balcony, was dark-acclimated by covering with a tarp for 30 

min. A FMSII PAM fluorometer (Hansatech Instruments Ltd., King’s Lynn, Norfolk, 

United Kingdom), was attached to a healthy leaf on this branch just before removal of the 

tarp. The radiance-measuring telescope system was pointed at the center of this branch. 

Spectra were collected for 5 min, with a 5 s integration time determined based on 

illumination level. In this and all following field experiments, integration time was set and 

dynamically adjusted with the goal of maintaining 80 % to 90 % of detector saturation. 

Uncertainty Estimation 

Spectral measurements of downwelling irradiance and reflected radiance in the 

field are subject to angular, atmospheric, temporal, and illumination effects that may alter 

the final value of a SIF retrieval. We employed a Monte Carlo method to characterize the 

uncertainty resulting from these effects over the course of a day. For this estimation, we 

used idealized data for downwelling irradiance at both in-band (Eλin) and out-of-band 

(Eλout) wavelengths, and for out-of-band reflected radiance (Lλout); these data were based 

on a smoothed time series of data collected at our field site (Figure S11a-b). Smoothing 

was performed using the stat_smooth function in R (Wickham et al., 2019). We also used 

an idealized SIF time series for the same hours, based on SIF values retrieved from the 

original time series used to generate the smoothed radiance and irradiance data. For the 

purposes of this analysis, these values were considered to be true SIF magnitudes to which 

retrievals performed under different scenarios were compared. From these prescribed Eλin, 
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Eλout, Lλout, and SIF data, in-band radiance values (Lλin) were calculated using the FLD SIF 

retrieval formula given in Equation 5.  

Using these values, we then performed a SIF observing system simulation 

experiment (OSSE), with different combinations of corrections for electronic dark current, 

detector noise, cosine corrector effects, and atmospheric O2-A absorption applied during 

the retrieval process. The magnitude of the applied correction was calculated for each time 

point, depending on illumination level, solar geometry, and environmental parameters. The 

suncalc package in R (Thieurmel and Elmarhraoui, 2019) was used to determine solar 

geometry and was combined with the cosine corrector characterization data from Figure 6 

and Figure S12 to account for cosine corrector error. A time series of air temperature, air 

pressure, and relative humidity were obtained from a nearby Weather Underground station 

(Figure S11c-e) and were used as in Sabater et al. (2018) to calculate overall error in the 

atmospheric correction by adjusting the Lλin value from Equation 5 to account for the 

estimated absorption along the path length between vegetation and sensor. This 

implementation applies to the standard FLD retrieval method, but atmospheric corrections 

must be calculated and implemented differently for other retrieval methods (Chang et al., 

2020a). In addition, distributions of uncertainty associated with each of these corrections 

were defined. Electronic dark correction and detector noise error distributions were 

determined from laboratory characterizations of three Ocean Insight QE Pro spectrometers; 

more details on these values can be found in Marrs et al. (2019). For each run of the OSSE 

simulation, dark current and detector noise effects were selected from known distributions. 

All errors were propagated through the SIF retrieval performed at each time point, 
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producing a range of SIF values to be compared with the true SIF time series. For each 

combination of corrections, 500 simulations were performed. Table 3 shows details of the 

parameters and uncertainty distributions used in these simulations. 

Parameter Value 

Distance to Target 100 m 

Latitude 39.126º north 

Longitude 77.221º west 

Radiometric Responsivity – Radiance In-band: 289.25 DN W-1 m-2 nm-1 sr-1 ms-1 

Out-of-band: 291.5 DN W-1 m-2 nm-1 sr-1 ms-1 

Radiometric Responsivity – Irradiance  In-band: 242.3833 DN W-1 m-2 nm-1 ms-1 

Out-of-band: 244.0667 DN W-1 m-2 nm-1 ms-1 

Air Temperature Uncertainty Standard deviation = 0.3 ºC 

Air Pressure Uncertainty Standard deviation = 50 mbar 

Relative Humidity Uncertainty Standard deviation = 5 % 

Dark Correction Distribution  Uniform distribution: Min = 0.015 ms DN-1  

                                  Max = 0.091 ms DN-1 

Detector Noise Distribution Normal distribution: Mean = 0 DN, SD = 7.5 DN 

Table 3. Parameters used in the observing system simulation. 

Results 

In a meta-analysis of the literature on tower-based SIF-measuring systems, we 

found wide variability in reported SIF retrieval magnitudes, coupled with similar variation 

in instrumentation, hardware, and calibration methods. In order to contextualize this 

variability within the scope of field-deployed SIF-measuring systems, we characterized the 

performance of several spectrometers and associated hardware in both laboratory and field 

settings. We identified spectral, angular, and atmospheric effects with the potential to affect 

retrieved SIF values and to alter the performance of the field-deployed hardware below 

what laboratory characterizations would suggest. Based on variability in our hardware, we 

used a Monte Carlo approach to quantify the uncertainties in SIF retrievals introduced by 
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several key corrections and calibrations. Of these, the correction for atmospheric O2 

absorption in the wavelengths used for SIF retrievals showed the most dramatic effects; 

our meta-analysis showed that this correction is inconsistently applied in the literature. 

Overall, the results of our field testing suggest that differences in instrumentation and 

calibration across field studies may contribute to the wide variability in published SIF 

retrievals. 

Meta-analysis 

A meta-analysis of the literature on tower-based SIF measurements reveals a wide 

range in mean values for far-red SIF retrievals from unstressed vegetation. Discussion of 

the results and implications of this meta-analysis will focus on far-red SIF retrievals. Where 

available, mean and maximum SIF values from red wavelengths are summarized in Table 

S1 and show similar trends in mean SIF retrieval variability to far-red SIF retrievals. 

Although there is an established literature on the physiological information captured by 

different wavelengths of the chlorophyll emission spectrum (e.g. Magney et al., 2019b), 

we chose not to focus on red retrievals here, due to the smaller number of reported data in 

this wavelength range. Even within the red and far-red retrieval categories, differences 

exist among the various spectral windows or wavelengths used to perform SIF retrievals. 

A full analysis of these retrieval effects is outside the scope of this manuscript, but the 

choice of window size and central wavelength certainly also influences SIF magnitude 

(Cendrero-Mateo et al., 2019).  

Although the majority of mean SIF values are below 4 mW m-2 nm-1 sr-1, the full 

range of reported mean values spans three orders of magnitude, from 0.041 mW m-2 nm-1 
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sr-1  to 14.8 mW m-2 nm-1 sr-1 (Figure 4a). Variability is also high even within seasons. 

Summer values for unstressed vegetation range two orders of magnitude, from 0.16 mW 

m-2 nm-1 sr-1 to 14.8 mW m-2 nm-1 sr-1 (Figure 4b). These ranges include values across 

seasons; the minimum values from Magney et al. (2019a) are from a dataset collected on 

evergreens in winter, and the maximum value from Corp et al. (Corp et al., 2006) are from 

an agricultural field in summer. 

Within this wide variability, some patterns related to seasonality and land cover 

type emerge. SIF retrievals from forested targets show an annual pattern, with higher SIF 

values reported from spring and summer measurements than from autumn or winter 

measurements (Figure 4b). Perhaps because of irrigation, multiple cropping cycles, 

fertilizer additions to croplands, and phenological or structural effects of different crops’ 

growth phases, mean SIF values from agricultural areas do not show uniform spring and 

summer increases followed by declines in fall and winter. This difference may also have 

been driven by short agricultural growing seasons, which may not perfectly align with 

seasonal distinctions. Overall, SIF retrievals over agricultural lands are higher across all 

seasons, with a mean of 1.9 mW m-2 nm-1 sr-1 and a standard error of ± 0.32 mW m-2 nm-1 

sr-1, as compared to 1.2 ± 0.25 mW m-2 nm-1 sr-1 in forests and 1.7 ± 0.25 mW m-2 nm-1 sr-

1 across all other biomes. 
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Figure 4. Variability in SIF Retrievals from Literature Meta-Analysis. Published mean far-red 

SIF retrievals from unstressed vegetation, as a histogram color-coded by vegetation type (a) and 

seasonal boxplots color-coded by simplified vegetation type categories (b). In panel b, the x-axis 

is plotted on a log scale to illustrate the wide range of variability and enhance detail in boxplots. 

Boxes show 25th percentile, median, and 75th percentile with lines extending to 1.5 times the 

interquartile range. The “Multiple” category in panel b indicates values reported at a scale that 

averaged or aggregated observations across multiple seasons. 

In contrast to the strong SIF-GPP relationships observed at the satellite scale, mean 

SIF retrievals from tower and airborne relationships are not broadly predictive of the mean 

GPP values alongside which they were reported (Figure 5). Linear models of the SIF-GPP 

relationship show small positive slopes in non-agricultural areas, but none of these slope 

coefficients are statistically significantly different from zero for any land cover type. 

Additionally, R2 values of 0.0015 for agricultural areas, 0.03 for forests, and 0.23 for all 

other land covers show that mean SIF is not significantly correlated with mean GPP across 

the studies examined here. It is worth noting that the mean values shown in Figure 2 

represent data collected from a variety of targets and locations with varied processing and 
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averaging strategies, instrumentation, and calibration methodologies. Figure S6b illustrates 

the number of corrections applied to the data shown in Figure 2. 

 

Figure 5. SIF-GPP Relationships. Mean far-red SIF from unstressed vegetation plotted against 

mean GPP measured from the same vegetated target. Points are color-coded by simplified 

vegetation type, as in Figure 1b. 

Calibrations & Characterizations 

Below, we describe several key sources of error in measuring spectra in laboratory 

and field settings, any of which may alter the final retrieved SIF signal. As a check on our 

system after calibration and corrections, we measured a Kautsky curve in order to confirm 

that physiologically meaningful signals matching leaf-level measurements could be 

recorded by our field instrumentation. The timing and relative magnitude of the SIF 

retrievals performed after exposing the dark-acclimated vegetation to light shows close 
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agreement with steady-state fluorescence (Fs) measured at the leaf level, and indicate that 

our instrument deployment could capture the same fluorescence dynamics at a distance of 

100 m as were seen with leaf-level instrumentation (see Figure S4 and Marrs et al., 2020).  

One key challenge to reliable SIF measurements is the SNR of measurements of 

such a faint signal. In a laboratory setting, we found that, when measuring a stable light 

source (Figure 6a) without any fore-optics attached to the fiber optic cable, the SNR was 

greater than 1000 over the majority of the spectral range of our spectrometers (Figure 6b). 

The addition of the telescope decreased the SNR slightly, with a larger discrepancy 

observable in wavelengths > 700 nm.  The attachment of a cosine corrector resulted in a 

large loss of signal, approximately halving the SNR of the spectrometer across the spectral 

range as a result of the attenuated signal.  

 

Figure 6. Laboratory Signal-to-Noise Ratios. Signal-to-noise ratios calculated from repeated 

measurements of a known radiance source (a), using a bare fiber optic cable, as well as telescope 

and cosine corrector fore-optics (b). Error ranges around smoothed loess lines in panel b represent 

the 95 % confidence interval. 
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Figure 7. Field Signal-to-Noise Ratios. Three hours of continuous in-band (λin) and out-of-

band (λout) irradiance (E) and radiance (L) measurements collected in a field setting are 

shown in panels a and b. Signal-to-noise ratios were calculated from 5 min intervals of 

these data (c) and of the resulting SIF retrievals (d). Error ranges around smoothed loess 

lines in panel c represent the 95 % confidence interval.  

SNR values measured in field conditions are much more variable. Figures 7a-b 

show a time series of downwelling irradiance and reflected radiance measured 

continuously for three hours centered on solar noon (13:15 local time) on a day with 

intermittent cloud cover. Each panel shows radiance or irradiance measured both in and 

outside the O2-A feature, wavelengths at which we expect to see very different signal 

magnitude due to atmospheric absorption effects. Figures 7c-d show these time series 

transformed into SNR values calculated at 5 min intervals. Irradiance measurements were 
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collected every 1300 ms, so each SNR is calculated from the mean of 230 spectral 

irradiance values, divided by their standard deviation. Integration times for radiance 

reflected from relatively less bright treeline were 10 s, so 30 spectra are used to calculate 

each radiance SNR value. SIF retrievals are limited by the integration time of the radiance-

measuring telescope system, so were also performed every 10 s and SNR was calculated 

as for radiance data.  

During periods of clear skies, such as the period from approximately 12:10 to 13:40 

local time shown in Figure 7, irradiance SNR values are nearly as high as in the laboratory. 

Despite slight atmospheric variability during this period, signal intensity from the sun is 

nearly three times as bright as the integrating sphere light source. In contrast, the cloudy 

periods immediately preceding and following these clear skies result in much lower SNR 

values. Although irradiance intensities are occasionally as high as during the clear sky 

period, the greater signal variability results in a larger standard deviation over a 5 min 

interval and a decreased SNR. Although they were collected with the same spectrometer 

and telescope configuration tested in the laboratory, radiance SNR values in the field are 

much lower. This is driven by the lower reflectance from the vegetated target at which the 

telescope was aimed. In this case, mean signal is low enough that overpassing clouds and 

resulting noise do not alter SNR values to the same degree seen with irradiance. All of this 

variability is commonplace in a field deployment, but is crucially important to retrieved 

SIF values. Over the course of this time series, the maximum SNR for 5 min of SIF 

retrievals was 16.2. These SNR values and those shown in Figure 7 are particular to our 

system and the illumination levels measured during our laboratory and field tests. While 
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exact SNR values may vary in other tower-based systems, these results highlight the 

additional errors introduced in field settings beyond those characterized in the laboratory.  

Laboratory characterizations of diffusive materials used in fiber-coupled cosine 

correctors show all materials tested here lead to underestimations of incoming light (Figure 

8a). In our testing, opal glass outperformed either type of PTFE, but all materials show 

deviations from the theoretical cosine function expected in this kind of test. Discrepancies 

between expected and measured light intensities grow more extreme with simulated SZA, 

with errors of nearly 20 % from measurements at a simulated SZA of 60º using a Teflon 

diffuser (Figure 8b). Figure 8c shows the course of SZA values throughout high light hours 

of the day on five days within the typical growing season in Maryland. On 6 September, 

the date on which the time series in Figure 7 were collected, the highest SZA is 33.8º, with 

values up to 53.5º within three hours of solar noon. The use of an opal glass cosine corrector 

like the one deployed at our field site led to a 2 % to 8 % underestimation of downwelling 

solar irradiance, depending on the time of day (Figure 8d). Across all materials tested here, 

these trends hold true across wavelengths; small variations in deviation from theoretical 

values were observed across the in-band and out-of-band wavelengths relevant to FLD SIF 

retrievals (Figure S12). Measurements made at other times or days of year, or with other 

diffusive materials, will be associated with their own errors, which must be corrected in 

order to accurately quantify O2-A in-filling and perform SIF retrievals. 
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Figure 8. Cosine Corrector Effects. Diffusive materials were characterized in terms of the 

fraction of the light from a 1000 W FEL lamp each captured at ten degree increments away 

from center (a) and as the percent deviation from the theoretical cosine function used to 

predict the decrease in signal intensity at more extreme angles (b). Simulated solar zenith 

angles in the laboratory are related to true solar geometry over a field site throughout the 

growing season (c) in order to predict percent error in measured downwelling solar 

irradiance across time of day and year (d). 

Quantifying Uncertainty in SIF Retrievals 

A simulation of the uncertainties introduced by performing the above-discussed 

corrections demonstrates that the magnitude of and variability in SIF retrievals is highly 

dependent on calibrations and corrections applied to measured spectra. Depending on the 
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time of day, the magnitude of retrieved SIF values changes with illumination level, sun 

angle, and environmental parameters. These changes are represented as the offset between 

the true SIF time series shown in Figure 9 and the solid lines corresponding to combinations 

of applied corrections and calibrations. The error ranges around these lines represent the 

uncertainties associated with the corrections themselves, as well as variability in detector 

noise. The size of each range is dependent on the error distribution and underlying 

assumptions used to generate it.  

For example, the green line at the bottom of Figure 9 represents a scenario in which 

all corrections have been applied, except for atmospheric O2-A absorption. Failure to apply 

this correction dramatically changes retrieved SIF; values are negative at all hours of the 

day, due to absorption of all chlorophyll fluorescence and some reflected radiance by 

atmospheric O2. For this simulation, we assume that spectra were collected by 

spectrometers whose electronic dark signal and cosine corrector effects are known and 

corrected. Since the atmospheric correction was not applied in this scenario, errors 

associated with temperature, pressure, and relative humidity measurements are not 

introduced to this calculation. Thus, the only remaining uncertainty around these SIF 

retrievals is the small effect of detector noise, resulting in the small error ribbon around 

this line. In contrast, the peach-colored line representing a simulation in which no 

corrections are applied has a much larger associated uncertainty. In this 'No Corrections' 

scenario, it is not assumed that we know and can correct for electronic dark signal and 

cosine corrector effects. Instead, values for these parameters are drawn from error 

distributions, leading to wider ranges of uncertainty in resulting SIF retrievals. In the 
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scenario where dark, cosine, and atmospheric corrections have been applied, the 

uncertainty around SIF retrievals is largest at solar noon, with a standard deviation of 

approximately ± 6.6 % around retrieved SIF values. This value represents the uncertainty 

in our field measurement system after applying all corrections discussed above.  

 

Figure 9. Uncertainty Estimation. True SIF (dotted line) values from a Monte Carlo uncertainty 

estimation are compared to SIF retrievals performed after applying different combinations of 

corrections (colored lines) and the uncertainties around these retrievals (colored error ribbons). 

Error ribbons represent ± 1 standard deviation. 

The atmospheric correction applied in Figure 9 was calculated with the assumption of 

a 100 m distance between target and spectrometer (Table 2). However, the effects of 

atmospheric O2 absorbance vary with path length, as well as with ambient temperature, 

relative humidity, and atmospheric pressure, as described in Sabater et al. (2018). Figure 

10 shows the distance-dependence of atmospheric corrections at constant environmental 

conditions. Values were calculated using atmospheric conditions measured as closely as 
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possible to solar noon on 6 September 2018; air temperature was 32.8ºC with 53 % relative 

humidity and 1.01 bars of atmospheric pressure. Along the 100 m from our telescope to 

the branch being measured at the treeline, approximately 9.5 % of the signal inside the O2-

A feature is lost. Since this is the exact spectral window in which the FLD method measures 

in-filling from SIF emission, this is a crucial consideration. The rug plot at the base of the 

curve in Figure 10 shows distances between instrumentation and target specified in papers 

in our meta-analysis. While some researchers are working at very short distances where 

atmospheric absorbance introduces very small errors, several papers describe SIF retrievals 

made from towers or small aircraft dozens or hundreds of meters from targeted vegetation, 

but do not discuss how this signal was corrected for atmospheric absorption along the path 

back to their instrumentation. 
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Figure 10. Effects of Atmospheric O2-A Absorption. Points represent the decline in atmospheric 

transmittance within the O2-A feature as path length between sensor and target decreases, as 

predicted by calculations from Sabater et al. (2018). Rug plot represents distances at which field 

measurements were made, as reported in papers from a literature meta-analysis. Rug plot is color 

coded to differentiate cases in which measurements were or were not corrected for O2 absorption 

effects, as well as cases where correction was unnecessary because of SIF retrievals performed 

outside O2 absorption features.  

Discussion & Conclusions 

Intermediate-scale SIF retrievals performed on unstressed vegetation under high-

light conditions span a wide range of magnitudes. We have documented differences in 

hardware specifications, calibration methodologies, vegetation type, and retrieval methods, 

as well as environmental parameters, that are major drivers of the variability in these 

published SIF values (Table S1). An OSSE simulation of uncertainties introduced by 

calibrations and corrections applied during SIF retrievals shows that SIF magnitudes, and 
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the uncertainties around them, may vary widely depending on correction methodology. The 

impact of applying these corrections when making SIF retrievals in the field is dependent 

on careful site characterization in terms of sun-sensor-target geometry, atmospheric 

conditions, and environmental variability. Instrument and hardware specifications play a 

similarly important role and must be characterized in field conditions in order to account 

for limitations to the insight that laboratory characterizations can provide about sources of 

measurement noise under real-world conditions.  

For example, we see that SNR varies dramatically based on sky conditions, sun 

angle, and target illumination. This mismatch is important beyond simply revealing that 

controlled laboratory experiments have limitations: the larger SNR values measured in the 

laboratory suggest that we may have more confidence in our ability to measure the SIF 

signal than is truly merited in the field. The Mission Advisory Group for the European 

Space Agency’s FLuorescence EXplorer mission state in a recent report (Moreno et al., 

2015) that SNR of at least 1015 in wavelengths outside the O2-A feature, and 115 within 

it, is necessary to reliably measure a faint signal like SIF. Of the 91 papers examined in our 

meta-analysis, only seven discuss SNR values specific to different wavelengths and/or 

integration times, indicating that many systems may be limited by greater uncertainties in 

SIF retrievals than laboratory characterizations would suggest.    

Accessory hardware and fore-optics, such as cosine correctors, are another often 

overlooked but crucial source of error in SIF retrievals. Underestimations of downwelling 

irradiance may not be obvious when making measurements in the field, but we show that 

significant discrepancies between true and measured irradiance may be introduced by 
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cosine correctors, especially at more extreme sun angles. The magnitude of 

underestimation depends on the diffusive material, and its implications when making SIF 

retrievals depend on the retrieval method employed. In the case of the FLD SIF retrieval 

method, a single correction factor accounting for solar zenith angle would be applied in 

both the numerator and denominator. This factor would thus cancel out, resulting in the 

same SIF value as before the correction. Small differences in correction factors for in-band 

and out-of-band wavelengths (Figure S12) are responsible for changes in retrieved SIF 

when using the FLD retrieval method. It should be noted that the results of our cosine 

corrector characterizations capture only the effects of diffusive material under direct 

illumination. We did not attempt to characterize additional effects of diffuse light, although 

other ongoing research has examined this important consideration (e.g. Chang et al., 

2020a). Depending on the formulation of other retrieval methods, angle and wavelength 

dependence may affect final SIF retrievals to a greater or lesser degree. On the other hand, 

atmospheric O2 absorption has a dramatic effect on measured SIF. Even the 100 m distance 

between our instrumentation and target introduced sufficient O2 absorbance to mask all 

chlorophyll fluorescence emission before it reached the spectrometer. Both atmospheric 

and cosine corrector effects can be corrected post-measurement, but this requires careful 

characterization of sun-sensor-target geometry. 

Broadly, our findings on the effects of hardware and instrumentation-associated 

uncertainties, namely those related to radiometric characterization and cosine corrector 

effects in a laboratory setting, are consistent with uncertainties modeled by Pacheco-

Laborador and colleagues (2019). Our field results demonstrate that large errors can be 



 

 

61 

introduced if atmospheric and angular corrections are not taken into account. It is likely 

that the varying implementation of these and other corrections across the published 

literature, along with differences in retrieval method, data filtering and averaging, and 

target type contribute to the wide range of published SIF values. Overall, the current SIF 

literature does not provide a clear consensus on SIF signal magnitudes or required 

instrument calibrations and corrections. Published SIF values vary beyond what might be 

expected from differences in species, season, or location. It is likely that the SIF 

instrumentation variability across the literature explains the lack of a strong relationship 

between mean SIF and mean GPP values at the tower scale. This finding stands in stark 

contrast to the close relationships observed at the satellite scale, where one set of carefully 

characterized instrumentation (per satellite platform) is used to make repeated 

measurements at a larger spatiotemporal scale that allows for linearization of the SIF-GPP 

relationship (Gu et al., 2019a). Nonetheless, more robust intermediate-scale SIF 

measurements are needed to make reliable inferences about photosynthetic rates or 

landscape-level primary productivity. Although important advances have been made in 

characterizing uncertainties within individual systems (Frankenberg et al., 2018; 

Grossmann et al., 2018; Gu et al., 2019b; Pacheco-Labrador et al., 2019), improvements 

are still needed, for example in developing improved atmospheric corrections for tower-

based SIF retrievals. In the next steps of our work, we plan to continue characterizing stray 

light effects, following the methods described by Zong et al. (2006), as well as detector 

nonlinearity and temperature and humidity effects. Perhaps because of the difficulty of 

making such measurements, these are among the more frequently neglected corrections in 
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the literature. In summary, there is a crucial need for best practice guidelines for 

characterization of spectrometers, hardware, and site characteristics in airborne and tower-

based systems. Improving the reliability of intermediate-scale measurements will increase 

the utility of SIF as a parameter in models of primary productivity and help to further our 

understanding of methodologies to remotely monitor plant physiology. 
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CHAPTER FOUR: DRIVERS OF VARIABILITY IN SOLAR-INDUCED 

FLUORESCNECE AND LEAF-LEVEL ENERGY PARTITIONING ACROSS 

TEMPORAL SCALES 

Abstract 

 Over the last two decades, observations of solar-induced chlorophyll fluorescence 

(SIF) have increasingly been used to constrain global models of terrestrial gross primary 

productivity (GPP), with strong, direct SIF-GPP relationships reported at satellite scales. 

However, the SIF signal originates from a pathway competing with photochemistry at the 

leaf scale, and thus the magnitude and sign the slope of the relationship between 

fluorescence yield (ΦF) : photochemical yield (ΦP) at the leaf level may change depending 

on environmental conditions. A recently developed camera-coupled spectrometer system 

(known as Cameron), capable of repeatable pointing to continuously monitor multiple 

targets, was designed to persistently measure SIF and the photochemical reflectance index 

(PRI) in order to enable investigations of dynamic energy partitioning among fluorescence, 

photochemistry, and energy dissipation as heat across temporal scales. Cameron 

observations capture a nonlinear, seasonally varying SIF-PRI relationship that persists 

even after controlling for canopy escape probability and seasonal-scale changes in 

daylength and maximum illumination. SIF and PRI also capture diurnal trends in energy 

partitioning regimes, as well as high temporal frequency variability in SIF retrieval 

magnitude associated with transient environmental effects such as cloud cover and wind 

speed. Complementary measurements of leaf-level gas exchange and leaf pigment content 

mirror these changes, suggesting that greater knowledge of leaf physiology and energy 
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partitioning offer the opportunity to enhance the utility of SIF-measuring platforms 

currently in orbit and better constrain models of GPP. 

Introduction 

The quantification of carbon (C) fluxes in and out of the terrestrial biosphere is 

central to understanding the current and future status of numerous human, ecological, and 

planetary processes (Le Quéré et al., 2018). However, challenges to direct measurements 

of such fluxes have resulted in large uncertainties surrounding terrestrial carbon fluxes in 

estimated global carbon budgets (Huntzinger et al., 2017; Rotach et al., 2014). These 

uncertainties arise in part because global models of gross primary productivity (GPP), or 

total C uptake by vegetation photosynthesis, show significant disagreement in their 

predictions due to insufficient data to fully constrain model outputs (Anav et al., 2015). 

Over the last two decades, observations of solar-induced chlorophyll fluorescence (SIF) 

have increasingly been used to address these data gaps. There have so far been seven SIF-

measuring satellites launched, with multiple upcoming SIF-capable missions currently in 

progress (Ryu et al., 2019). Despite strong, direct relationships between satellite SIF 

retrievals and upscaled GPP model outputs (e.g. Sun et al., 2017), as well as flux tower 

GPP estimates across biomes (Verma et al., 2017; Xiao et al., 2019), there remain crucial 

questions regarding linearity in the SIF-GPP relationship across scales (Magney et al., 

2020) and about the use of SIF to track leaf-level carbon assimilation at fine spatial scales 

(Helm et al., 2020; Marrs et al., 2020).  
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SIF-GPP Relationships 

Typical models of remotely estimated GPP, such as that proposed by Monteith 

(1972) and shown in Equation 6, relate primary productivity to the amount of incident 

photosynthetically active radiation (PAR) that is absorbed by leaves (APAR) and the light 

use efficiency of photochemistry (ΦP), or the fraction of absorbed photosynthetically 

active photons which are used to power photochemical electron transport.  

 GPP = APAR • ΦP (6) 

Similarly, SIF can be formulated, as shown in Equation 7, as the product of APAR, 

light use efficiency of fluorescence (ΦF), or fraction of absorbed photons that are 

ultimately lost as fluorescent light, and the probability of an emitted SIF photon escaping 

the vegetation canopy to be measured by a sensor (fesc) (Berry et al., 2013; Guanter et al., 

2014; Yoshida et al., 2015).  

 SIF = APAR • ΦF • fesc (7) 

If we assume ΦF and ΦP to be proportional and to co-vary across time and 

environmental conditions, SIF must then exhibit a linear relationship with GPP. In many 

circumstances, this may in fact be true; numerous satellite-scale studies report direct, linear 

SIF-GPP relationships. Furthermore, recent work on canopy-scale SIF measurements 

shows strong relationships between SIF and APAR (Du et al., 2017; Miao et al., 2018; 

Wieneke et al., 2018), indicating that in these cases, APAR drives variation in SIF more so 

than changes in ΦF : ΦP. However, SIF originates from a set of competing biochemical 

and biophysical pathways by which energy absorbed by the leaves of illuminated 
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vegetation is used in photochemistry or lost via alternative pathways, of which chlorophyll 

fluorescence is one (Baker, 2008; Porcar-Castell et al., 2014).  

Energy Partitioning Dynamics 

SIF competes with both photochemistry and the dissipation of energy as heat 

through a process mediated by carotenoid pigments of the xanthophyll cycle (Demmig-

Adams and Adams, 2006). Because these multiple pathways compete for absorbed 

photons, the magnitude and sign of the slope of the ΦF : ΦP relationship at the leaf level 

may change depending on environmental conditions. Under low illumination, where 

photochemistry uses up the majority available photons before they can be lost as 

fluorescence, increasing ΦP leads to decreased ΦF. However, under moderate illumination 

conditions, ΦP may show a direct relationship with ΦF as surplus photons are lost as 

fluorescence or heat alongside high photosynthetic rate (Magney et al., 2020; Maguire et 

al., 2020; Porcar-Castell et al., 2008). Leaf-level energy partitioning dynamics may account 

for the non-linearity in the SIF-GPP relationship observed at finer spatial scales, but 

become less apparent when averaging over many observations, many angles, and/or areas 

of vegetation with differential illumination and physiological states (Gu et al., 2019a; Yao 

Zhang et al., 2018; Zhaoying Zhang et al., 2018). Thus, temporal and spatial scaling effects 

are crucial considerations when evaluating any SIF data. Even satellite SIF data from 

satellites with a finer spatial resolution, like Snapshot Area Maps (SAMs) from the 

Orbiting Carbon Observatory-3 (OCO-3) with a spatial resolution of approximately 3.5 

km2, exhibit high spatial variability, including over large areas of intact forest with 

homogeneous LAI, greenness, and productivity (see Figure 11). While some of the 
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variability is likely related to canopy structural effects and to the inherent challenges of 

measuring the faint and dynamic SIF signal (Meroni et al., 2009), it is likely that energy 

partitioning dynamics contribute and should be considered. 

 

Figure 11. OCO-3 SAM covering the Harvard Forest. Panel b shows OCO-3 SIF retrievals from 

20 August 2020, and panel a summarizes them as a histogram. Red dot in Panel b denotes the 

approximate location of the Harvard Forest. 

Despite this variability, the SIF signal can be useful in predicting GPP; to 

contextualize SIF data and improve GPP models, it is critical to fully account for energy 

partitioning, including energy dissipated as heat. Use of the reflectance-based 

photochemical reflectance index (PRI) (Gamon et al., 1992), which provides insight into 

the thermal energy dissipation pathway that competes with both SIF and photochemistry 

for absorbed light, has been shown to improve SIF-GPP relationships across scales (Chang 

et al., 2020b; Middleton et al., 2016; Wang et al., 2020). SIF and PRI show dynamic 
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responses to transient environmental changes, as well as diurnal variability and seasonal 

trends in response to other co-varying factors. 

Low Temporal Frequency Variability 

In addition to spatial gradients determining species composition and growth 

conditions for vegetation, leaf-level energy partitioning dynamics change over diurnal to 

seasonal temporal scales. Both SIF and PRI measurements vary over diurnal cycles 

(Campbell et al., 2019; Middleton et al., 2017; Paul-Limoges et al., 2018), with PRI 

generally showing positive correlations with ΦP (Cheng et al., 2013). At intermediate 

spatial scales, SIF and PRI have also been shown to vary with sustained nutrient (Watt et 

al., 2020) and water limitation (Alonso et al., 2017; Buddenbaum et al., 2015; Gerhards et 

al., 2018; Wieneke et al., 2018; Xu et al., 2018), providing insight into photosynthetic 

capacity during periods of stress. Likewise, SIF and PRI offer complementary information 

on phenological changes in energy partitioning (Liu et al., 2017; Nichol et al., 2019). Such 

seasonal trends are driven in part by the conversion state of xanthophyll cycle pigments, 

which play a key role in wintertime energy dissipation in evergreen species (Adams et al., 

2004; Magney et al., 2019a), and in photoprotection in deciduous species during periods 

of leaf senescence and declining leaf chlorophyll content (Demmig-Adams, 1990; 

Demmig-Adams and Adams, 1992). These changes can be tracked using PRI data (Cheng 

et al., 2013; Middleton et al., 2017), which also offer insight into diurnal cycling in 

xanthophyll conversion with changing illumination (Evain et al., 2004; Paul-Limoges et 

al., 2018).  
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High Temporal Frequency Variability 

In addition to the sustained changes described above, rapid xanthophyll conversions 

respond to dynamic adjustments in the instantaneous rates of absorbed energy usage across 

energy partitioning pathways; for example, changes on the order of seconds have been 

recorded in response to sunflecks transiently illuminating leaves in the forest understory 

(Adams et al., 1999). These changes, too, can be monitored with PRI, which exhibits rapid 

variability in response to brief shading events (Atherton et al., 2016; Evain et al., 2004). 

Remote measurements of vegetation canopies must be interpreted in the context of other 

causal or co-varying environmental factors. SIF shows distance- and retrieval method-

dependent changes in response to shifting light intensity and to the proportion of direct : 

diffuse illumination (Chang et al., 2020a). In addition to rapid modulations with light 

intensity, field-measured PRI has been shown to be well correlated with diffuse 

illumination fraction (Jimenez et al., 2018). Increased wind speed and wind gusts often 

result in changes to branch orientation and leaf angle, altering within-canopy scattering and 

absorption effects (Van Wittenberghe et al., 2015). These considerations are doubly 

important given that wind events may expose to the sensor the abaxial sides (undersides) 

of leaves, which typically emit proportionally less SIF in red wavelengths and more SIF in 

near-infrared (NIR) wavelengths than do adaxial (upper) sides due to within-leaf re-

absorption of red fluorescent photons (Atherton et al., 2016; Van Wittenberghe et al., 

2013).  

These considerations are particularly important for measurements made at small or 

intermediate spatial scales; the differential angle, illumination, and canopy position of each 
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leaf within a satellite pixel integrating over a large area has far less impact on the value of 

the final SIF retrieval than it would on the value of SIF retrieved from a tower-based SIF 

system with a smaller field of view. For this reason, tower platforms present an ideal 

opportunity to investigate the leaf- and branch-level environmental and physiological 

drivers of variation in the SIF signal. The identification of such factors will provide insights 

into the mechanism by which SIF tracks GPP at larger scales and may help to identify 

additional parameters that can be incorporated into global productivity models in order to 

enhance the utility of existing satellite datasets. 

A recently developed camera-coupled spectrometer system (known as Cameron), 

capable of repeatable pointing to continuously monitor multiple targets, was designed to 

investigate these factors. Spectra collected with the Cameron system enable SIF retrievals 

and the calculation of reflectance-based vegetation indices, and the corresponding camera 

images can be analyzed to quantify factors affecting vegetation (shadowing effects, canopy 

structure, fill factor, wind), and sky targets (sky condition, cloud cover). Here, we present 

data from a Cameron system deployed overlooking a vegetated area of Boston, 

Massachusetts. SIF and PRI data collected with Cameron were combined with leaf-level 

gas exchange and pulse amplitude modulated (PAM) fluorescence, data on leaf pigment 

content, stem-level sapflow measurements, and auxiliary data on environmental and 

illumination conditions. Our findings highlight several key ways in which the Cameron 

system offers the opportunity to examine SIF retrievals in the context of leaf-level energy 

partitioning and to improve the utility of the satellite record in tracking vegetation 

productivity.  
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Methods 

Cameron Spectrometer System  

The Cameron spectrometer system uses Ocean Insight QE Pro and Flame-S-VIS-

NIR-ES (hereafter abbreviated to Flame) fiber-coupled grating spectrometers, identical to 

those specified for the widely used PhotoSpec system (Grossmann et al., 2018). 

Specifications for both spectrometers can be found in Table 4.  

Spectrometer QE Pro Flame 

Spectral Range 730 nm to 787 nm 350 nm to 1 m 

Spectral Resolution 0.07 nm 1.33 nm 

Slit Size 200 m 25 m 

Table 4. Cameron Spectrometer Specifications. Spectral range, spectral resolution, and slit size 

for QE Pro and Flame spectrometers. 

 In the Cameron system, the bifurcated fiber leading from the spectrometers was 

coupled to a 30 m, 400 µm core, multimode extension fiber. This fiber was then connected 

to an adjustable lens tube where it was fed by a Thorlabs AC508-150-B 2 in diameter 

achromatic doublet lens (Thorlabs Inc., Newton, New Jersey, United States). This lens had 

a focal length of 150 mm and an anti-reflective coating rated for 650 nm to 1050 nm. The 

optics were housed in an adjustable box mounted atop an AXIS Q8689-E PTZ-controlled 

security camera (AXIS Communications, Lund, Sweden). Once deployed in the field, the 

extension fiber was back-illuminated by a Thorlabs MINTF4 fiber-coupled light-emitting 

diode source, and the optics box was adjusted to align the center of the 0.7º spectrometer 

field of view with the center of the AXIS camera image. The spectrometers and fore optics 

were radiometrically calibrated using a Gooch & Housego 455-12U integrating sphere 

(Gooch & Housego PLC, Dowlish Ford, Illminster, United Kingdom).   
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Areas identified by PTZ coordinates were passed to the custom Python code used 

to run the Cameron system to specify a duty cycle of targets at which Cameron repeatedly 

pointed. Under sunny conditions, the Cameron system took less than 1 s to observe a 

vegetative target, however integration times could take as long as 1 min in the presence of 

dark clouds. The system was programmed to observe each target for a minimum of 30 s 

(or longer if needed for at least one full integration time), completing a cycle through all 

targets every 5 min to 10 min, depending on individual integration times. Photographs of 

the Cameron system and a representative image of vegetation fields of view can be found 

in Figure S13. 

Cameron Data Processing 

Data collected with the QE Pro spectrometer were processed following the 

differential optical absorption spectroscopy (DOAS) method (Grossmann et al., 2018; 

Stutz and Platt, 1996), focusing on the far-red SIF retrieval window spanning 729 nm to 

784 nm. Spectra collected with the Flame spectrometer were used to calculate reflectance-

based vegetation indices, using measurements of the white diffuser target as the reference 

spectra. Across all equations below, ⍴ indicates reflectance, meaning vegetation spectra 

normalized by reference spectra. Among these was PRI (Gamon et al., 1992), calculated 

as in Equation 7, which quantifies changes to the xanthophyll cycle pigments using 

reflectance values at 531 nm and 570 nm. PRI values range from -1 to 1 and show an 

inverse relationship with heat dissipation, becoming smaller or more negative as heat 

dissipation increases.  

 PRI = (⍴531 - ⍴570)/ (⍴531 + ⍴570)  (7) 
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Recent work has demonstrated correlation between the near-infrared reflectance of 

vegetation (NIRv) and fesc (Kim et al., 2021; Zeng et al., 2019). Flame data were also used 

to calculate NIRv by multiplying the normalized difference vegetation index (NDVI, 

calculated as in Equation 8) (Tucker, 1979) by total near-infrared reflectance (Equation 9) 

(Badgley et al., 2017), where ⍴red spans 620 nm to 670  nm and ⍴NIR spans 830nm to 860 

nm.  

 NDVI = (⍴NIR - ⍴red)/ (⍴NIR + ⍴red)  (8)  

 NIRv = NDVI ∙ ⍴NIR (9) 

For easier intercomparison, SIF values and vegetation indices were aggregated to 

15 min means in order to match the timestamps of the sapflow data. For most analyses, 

data were separated into two-week bins in order to showcase changes across the 2020 

growing season. 

Leaf-level Gas Exchange 

Four healthy, intact leaves were selected for gas exchange on the first measurement 

day of the season, and were tagged for use in all subsequent measurements. Two leaves 

were on the lower left and two were on the lower right sides of the canopy, corresponding 

to the field of view of two targets monitored by the Cameron spectrometer system 

described above.  

Gas exchange measurements were collected using a LI-COR 6800 photosynthesis 

analyzer with a 6800-01A fluorometer head and a PAR sensor. For all measurements, 

chamber CO2 was set to 400 parts per million. Chamber temperature was set to 

approximately 1 ºC higher than ambient air temperature measured in the shade at ground 
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level. Relative humidity was set to 60 %, except when high ambient humidity posed 

challenges to maintaining this level, in which case chamber relative humidity was increased 

to slightly below ambient levels. Chamber PAR was set based on a reading of ambient 

PAR at leaf height and angle; the LI-COR 6800 head was held at the angle of the leaf to be 

measured, slightly away from the canopy in order to prevent shadowing effects. Triplicate 

gas exchange measurements were collected for each leaf at each measurement time. Gas 

exchange measurements were made approximately bi-weekly over the partial growing 

season, at approximately solar noon (13:00 EDT). On 10 August 2020 and 3 October 2020, 

diurnal timeseries of gas exchange measurements were collected, starting pre-dawn 

(approximately 06:00) and ending when the tree was fully shaded by nearby buildings 

(approximately 16:30).  

Leaf Pigment Content 

Samples of leaf tissue were collected using a 0.5 cm2 leaf punch at approximately 

the same time as leaf-level gas exchange measurements were collected, with the goal of 

collecting the punches under as near to identical PAR conditions as the gas exchange 

measurements. Immediately after collection, punches were sealed in aluminum foil 

envelopes and placed into a dewar of liquid nitrogen. Punches were transferred to a -80 ºC 

freezer immediately following the end of field data collection for the day. Leaf pigments 

were extracted from these stored samples in acetone according to Adams and Demmig‐ 

Adams (1992) modified as described by de Viller et al. (2017). Following extraction, leaf 

pigments were quantified by high‐ performance liquid chromatography (HPLC) as 

described by de Viller et al. (2017). 
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Sapflow 

A ribbon-style sap flow sensor (Jones et al., 2020) was installed in the stem of the 

tree. These sensors work by injecting pulses of heat into the sapwood and tracking the 

advection of that heat by sap moving up the tree. Sensors were installed in August 2020 

and operated until 15 October 2020. Sap flow measurements were collected every 15 min 

during this period. 

Auxiliary Datasets 

Data on environmental parameters including temperature, humidity, and 

atmospheric pressure were obtained using a Davis Vantage Pro2 weather station (Davis 

Instruments, Davis, California, United States) mounted on a roof approximately 100 m 

from the Cameron mounting site, and were supplemented by additional data from the 

Automated Surface Observing Systems monitoring station at Boston Logan Airport.  

The AXIS camera records data in 3 visible-light channels, the red channel (RC), 

green channel (GC), and blue channel (BC). This RGB imagery was used to track sky 

condition using calculated blue chromatic coordinate (BCC, shown in Equation 10).   

 BCC = BC / (BC + GC + RC) (10) 

The mean (µ) and standard deviation (σ) in the BCC calculated for each pixel in 

the image were used to classify images into one of four sky conditions, as shown in Table 

5.  The red crosshairs overlaid on AXIS imagery are saved as part of the image, and so 

were removed before calculating BCC values. An example timeseries of sky images and 

sky condition classifications can be found in Figure S14.  
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Sky Condition Mean (µ) Coefficient of variation (CV) 

Clear µ >= 0.44 CV <= 0.1 

Even clouds µ < 0.44 CV < 0.06 

Hazy µ < 0.44 0.06 <= CV <= 0.096 

Rolling Clouds --  CV >= 0.096 

Table 5. Sky condition classification thresholds. Sky condition category was assigned based on 

a combination of mean BCC and the coefficient of variation (CV = µ / σ) in BCC. 

Statistics 

Segmented models were fit to bi-weekly subsets of Cameron data using the 

segmented package in R (Muggeo, 2008). The segmented function was used to iteratively 

identify breakpoints in SIF and PRI data, and to create two linear models for each two-

week subset data points, one on each side of the breakpoint. All settings within the 

segmented function were left as defaults. Before model fitting, outliers in 15 min 

aggregated data were removed. These outliers included SIF retrievals with non-physical 

negative values, seven SIF retrievals across the season that fell above an empirically 

determined threshold (0.35 W m-2 nm-1 sr-1) and three additional SIF retrievals from within 

the time period between 20 August 2020 to 2 September 2020, which fell sufficiently far 

from all other points in this period to prevent satisfactory segmented model fits. 

Phenological changes in leaf physiology co-vary with numerous other factors over 

seasonal timescale. In order to disentangle these effects, some data were transformed. For 

some analyses, we normalized our SIF retrievals by NIRv in order to capture changes in 

fesc. To rule out the possibility that changes in the slope of the SIF-PRI relationship were 

driven by declining maximum PAR intensity or shortening daylength over the course of 

the season, SIF and PRI data were filtered to include only those observations made between 



 

 

77 

10:00 and 16:00 (within three hours of solar noon at 13:00) each day. These filtered 

observations were further separated by PAR intensity at the time of observation (bins were 

defined as 500 µmol m-2 s-1 to 1000 µmol m-2 s-1 and 1000 µmol m-2 s-1 to 1500 µmol m-2 

s-1). 

Results 

Seasonal-scale Variability 

We observed seasonally shifting non-linear relationships between SIF and PRI, 

captured by segmented linear models (Figure 12). Across all weeks, observations collected 

under low-light conditions show variable PRI and near-zero SIF, falling into the lower, 

shallower slope shown on each plot. Observations collected under moderate and high light 

conditions are captured by the upper slope of each model. Across the course of the growing 

season, these slopes became increasingly negative. Additionally, PRI values shifted toward 

smaller and more negative values over the course of the season. During high light hours, 

SIF and sapflow data generally showed a direct correlation. After normalizing SIF data by 

NIRv to account for changes in fesc across the season, no changes were observed in point 

clustering or SIF-PRI relationship slopes over the season (Figure S15). When examining 

midday observations binned by PAR value at the time of observation, the trend in changing 

SIF-PRI slopes over the course of the season again persisted (Figure S16).   
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Figure 12. SIF-PRI relationships. SIF and PRI data from the 2020 growing season, aggregated 

to 15 min intervals. Measurements are separated into two-week bins to highlight the changing slope 

of the SIF-PRI relationship during high light hours. Red lines indicate segmented models fit to SIF 

and PRI data. Slopes printed in red indicate the slope of the uppermost portion of each segmented 

model. Point color ramp indicates sapflow value, and magenta points indicate sapflow values higher 

than 70 g m-2 s-1. 

Leaf chlorophyll concentrations quantified from leaf punches declined steadily 

over the course of the growing season (Figure 13a). The mild temperatures in fall 2020 

corresponded to persistent leaf greenness until the first snow of the season on 30 October 

2020. Leaves senesced quickly after the snowfall. Chlorophyll concentrations at the end of 

the growing season were roughly 50 % of the maximum observed value from August 2020. 

Leaf zeaxanthin content per unit chlorophyll remained nearly constant in August and 

September, then increased abruptly at the beginning of October (Figure 13b). 
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Figure 13. Leaf pigment content. Error bars represent standard errors around mean values from 

n = 4 leaves per time point. Blue lines represent linear models of change in pigment content by day 

of year, and the R2 value printed in panel a was significant (p < 0.05). For ease of comparison, 

background color corresponds to the two-week bins used to separate data in Figure 1.  

Diurnal Variability 

The BCC-based cloud cover index revealed clustering of points based on sky 

condition, with many clear-sky observations showing higher SIF and NIRv with lower PRI 

values than those collected during evenly cloudy or hazy conditions (Figure 14). Within 

the clear-sky observations, however, a subset showed the opposite trend: lower SIF and 

NIRv alongside higher PRI values. These two clusters represent distinct energy partitioning 

regimes. The observations with higher SIF retrieval values (Cluster A), were generally 

taken during midday and, since they were all collected during clear-sky conditions, under 

higher PAR conditions (Figures 14c-d). In contrast, observations that fell into the other 

cluster (Cluster B) were collected exclusively during early morning or late afternoon, with 

lower incident PAR.  
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Figure 14. Point clustering by sky condition. Panel a shows pairs plots, density plots, histograms, 

and box plots summarizing distributions of NIRv, SIF, and PRI data categorized by sky condition. 

Circled points indicate the clusters examined in panels b and c. All data shown here are from a 

representative 2-week time period (20 August 2020 to 2 September 2020).  

Similar patterns can be found in PAM fluorescence data, all of which were collected 

simultaneously with leaf-level gas exchange data, on days with as clear skies as possible. 

While the majority of PAM fluorescence data were collected during the midday spot 

measurements, the two diurnal campaigns provided additional data from low-light hours 

in the early morning and late afternoon. In order to examine energy partitioning dynamics 

over these changing light conditions, ΦPSII was used to represent ΦP, and Fs, normalized 

to maximum Fs value on the day of measurement as by Maguire et al. (2020), was used to 

represent ΦF (Figure 15). Slopes from linear models fit to the PAM fluorescence data show 

a positive slope in high light conditions (PAR > 400 µmol m-2 s-1) and a negative slope 

under low light conditions (PAR <= 400 µmol m-2 s-1). 
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Figure 15. PAM fluorescence data. Light use efficiency of PSII (ΦPSII) and steady-state 

fluorescence (Fs) normalized by maximum Fs on the day of measurement are shown. Slopes from 

linear models fit to data collected during high light conditions (blue slope) and low light conditions 

(green slope). Both slopes were significant (p < 0.05). Point color ramp shows PAR at time of 

measurement. 

High Temporal Frequency Variability 

A subset of SIF retrievals were unexpectedly low on 30 September 2020. These data 

included SIF retrievals corresponding to high sapflow values and midday hours, typically 

a period when higher SIF values were observed (circled in magenta in Figure 16a). These 

observations were collected during a windstorm, with mean wind speeds of 10.4 m s-1, in 

comparison to a mean of 3.87 m s-1 on the day preceding the storm (Figure 16b). Cameron 

images collected during the windstorm revealed that the high winds exposed the abaxial 

side of many leaves within the field of view; a representative image can be seen in Figure 

16d, which clearly shows the differential reflectance from abaxial sides of these silver 

linden leaves, as compared with the image collected under typical winds, shown in Figure 

16c. 
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Figure 16. Effects of high winds. Panel a shows the full season of SIF retrievals, normalized to 

NIRv, as well as PRI data, aggregated to 15 min intervals. The color ramp represents sapflow 

measurements. Magenta circle indicates points with relatively high sapflow, observed during 

midday hours, but which nevertheless show lower SIF / NIRv than expected. Panel b highlights 

points in blue during a windstorm on 30 September 2020. Panels c and d show representative 

Cameron images of the silver linden tree before the storm on 29 September 2020, and during the 

wind storm, respectively. 

Discussion 

Seasonal-scale Trends 

Cameron observations capture a nonlinear, seasonally varying SIF-PRI 

relationship. Across the study, the shallower slope on the lower range of the y-axis is 

associated with measurements made in low light conditions, including early mornings, late 

afternoons, and periods of heavy cloud cover. The upper, steeper slope of each segmented 

model captures higher-light observations, and variations across the season are suggestive 



 

 

83 

of changes in the energy partitioning pathways underlying measured SIF and PRI. 

However, a number of other potential drivers co-vary along the same seasonal timescale. 

From August to October, many deciduous trees begin to lose leaves, leading to changes in 

branch and canopy structure, and thus to altered fesc. However, the nearly-identical 

distribution of raw SIF retrievals and SIF retrievals normalized by NIRv (Figure S15) 

demonstrate that no such effects were observed during the mild fall of 2020. This finding 

is supported by Cameron imagery of the targeted vegetation, which shows no significant 

declines in leaf fill within the field of view. Changes in the slope of the SIF-PRI 

relationship also persist after controlling for maximum PAR and daylength, which vary 

over the same time period (Figure S16), indicating that these changes are not solely the 

result of illumination changing with time of year.  

 Given that these changes persist even after controlling for relevant external effects, 

changes in SIF-PRI slopes, as well as the increasingly negative PRI data over the course 

of the season, suggest changing leaf physiology and altered energy partitioning as the 

drivers of this phenomenon. The results of HPLC analyses of leaf pigment content support 

this hypothesis. Steady declines in leaf chlorophyll pool size over the course of the season 

(Figure 13a) indicate a gradual loss of leaf photosynthetic capacity, reducing 

photochemical yield during high-light hours. With a declining capacity to utilize absorbed 

photons for photochemistry, leaves experience a greater need for photoprotection. Figure 

13b shows an increase in the zeaxanthin : chlorophyll ratio that corresponds with the timing 

of the greatest increase in SIF-PRI slope from Figure 12 around the beginning of October 

2020. The dramatic increase in zeaxanthin : chlorophyll ratio suggests that novel 
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zeaxanthin synthesis, in addition to loss of chlorophyll, may have driven the changes in 

energy partitioning we observed remotely. 

Diurnal Variability in Energy Partitioning 

In addition to the broader, seasonal trends in observed in SIF and PRI due to this 

gradual (low temporal frequency) change in energy partitioning, Cameron data revealed 

diurnal variations in SIF, PRI, and NIRv. Categorizing points by sky condition helps to 

explain clustering of observations in the context of underlying energy partitioning 

dynamics. Clear-sky observations from midday hours (like those shown in Cluster A from 

Figure 14) come from irrigated and well-illuminated vegetation, where the predominant 

factor limiting plant productivity is the rate of photochemistry. This is consistent with the 

higher SIF and lower PRI values, indicating the engagement of alternative pathways to 

dissipate absorbed photons not used to power photosynthesis. However, during low-light 

hours (as shown in Cluster B from Figure 14), vegetation is likely light-limited, with a 

greater proportion of absorbed photons being used in photochemistry, and fewer being lost 

as heat or fluorescence. During these low-light hours, more extreme solar zenith angles and 

higher proportions of diffuse illumination may help to explain the much larger variability 

in NIRv than in SIF or PRI.  

Similarly, different regimes capturing variability in PAM fluorescence data can be 

separated out by illumination levels. Figure 15 resembles a conceptual diagram presented 

by Magney et al. (2020), as well as other researchers’ field-collected data on photochemical 

and fluorescence yields (Maguire et al., 2020; Porcar-Castell et al., 2014, 2008). These 

leaf-level data complement remote measurements made with the Cameron system, and 
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suggest that SIF and PRI data collected with this system are in fact capturing energy 

partitioning dynamics at the branch scale.  

High Temporal Frequency Variability 

Environmental effects that may vary over short time scales, including illumination 

and wind speed, capture additional variability in SIF, PRI, and NIRv data. Many SIF 

observations that were unexpectedly low correspond to periods of wind-mediated change 

in leaf orientation, leaf reflectance, and branch structure. Although this effect was 

discovered only during the data processing stage of this analysis, and thus the exact 

mechanism of this effect could not be examined in detail, the silvery undersides of leaves 

blown back toward the rest of the canopy may have emitted fewer fluorescent photons than 

the typically measured adaxial side, or may have differentially scattered incident radiation 

before it could be absorbed. Cameron images also reveal that high winds caused changes 

to branch orientation and overall canopy structure, likely altering within-canopy SIF 

scattering and fesc during this period. Contrary to the results seen over the rest of the season, 

SIF / NIRv values did show differential distribution than SIF alone during these periods of 

high wind, and are thus used in Figure 16 to provide additional insight into these factors. 

Aside from structural explanations, it should also be noted that the many of the sapflow 

values above 70 g m-2 s-1 also correspond to the period of this windstorm, likely due to 

changes in the leaf boundary layer under high winds. Thus, it is possible that altered energy 

partitioning due to this increased ΦP could explain the lower SIF values recorded during 

the wind storm. 
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Conclusions 

The majority of the satellite-scale SIF-GPP relationships reported in the scientific 

literature are derived from sun-synchronous SIF-measuring satellites, which have overpass 

times in the late morning or early afternoon, and typically only retrieve and report SIF 

values collected under minimal cloud cover. This measurement regime, while necessary 

for the temporal continuity of satellite datasets, means that satellites are limited in their 

ability to represent leaf-level productivity and energy partitioning under other 

environmental or illumination conditions. Some researchers find strong relationships 

between SIF and primary productivity measured from individual towers or drones after 

temporal aggregation (Magney et al., 2019a; Yang et al., 2017; Zarco-Tejada et al., 2016). 

However, when looking across the intermediate-scale literature, published mean SIF 

retrieval values span several orders of magnitude and do not show significant relationships 

with mean GPP values measured from the same sites (Marrs et al., 2021). This wide range 

of variability indicates that, in addition to instrumentation and measurement challenges 

inherent in capturing a faint and temporally dynamic signal, there likely are structural, 

temporal, and environmental factors that are not being taken into account.  

Here, we add to a growing body of literature illustrating the utility of PRI data in 

improving intermediate-scale SIF-GPP relationships by more fully capturing the 

underlying energy partitioning controls on ΦF, ΦP, and the non-linear relationship between 

them. Data presented here illustrate that the Cameron system is capable of capturing these 

dynamics at small spatial and temporal scales, and suggest that the insights provided by 

combining data on SIF, PRI, canopy structure, and primary productivity are crucially 
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important to enhancing the utility of SIF datasets across spatiotemporal scales. For 

example, these factors may help to contextualize and interpret the heterogeneity in SIF 

retrieved from satellites like OCO-3 (Figure 11), with finer spatial resolution and variable 

measurement times and angles. In heat and moisture stressed regions, as well as highly 

fragmented urban landscapes, SIF-GPP relationships may be even more prone to non-

linearity (Helm et al., 2020; Marrs et al., 2020; Parazoo et al., n.d. in press; van der Tol et 

al., 2014), indicating that a greater knowledge of energy partitioning dynamics offered by 

a synthesis of SIF and PRI offers the opportunity to enhance the utility of SIF-measuring 

platforms currently in orbit and better constrain models of GPP. 
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CHAPTER FIVE: CONCLUSIONS 

The strong relationships between satellite-scale SIF and GPP have captured the 

interest of the carbon cycling community (Mohammed et al., 2019; Ryu et al., 2019), and 

SIF has often been described as a proxy for photosynthesis (Yang et al., 2015; Yongguang 

Zhang et al., 2018). Findings from the PAM fluorescence literature, however, demonstrate 

that chlorophyll fluorescence is just one part of the complex biophysical processes involved 

in leaf-level energy partitioning, and that the universal assumption of a linear SIF-GPP 

relationship would be an oversimplification in many cases. In my first chapter, I explored 

this apparent contradiction by examining measurements collected from experimentally 

manipulated tree branches, finding that SIF retrievals did not track the significant 

alterations to leaf-level Anet and energy partitioning induced by our experimental 

treatments (Marrs et al., 2020). Results from this experiment suggest that, if used as a 

standalone parameter for monitoring changes in primary productivity as is typically done 

at the satellite scale, SIF data would not have provided sufficient insight into alterations in 

leaf-level C assimilation and energy partitioning. While this result stands in contrast to 

findings at the satellite scale, the two interpretations of the SIF signal are not necessarily 

contradictory; they simply emphasize the need for additional knowledge of energy 

partitioning and environmental factors surrounding the use of SIF data to monitor and 

predict primary productivity.  

There remain several plausible mechanisms that may explain why SIF could be 

linearly related to GPP at large spatiotemporal scales but exhibit a non-linear relationship 

with primary productivity at finer scales. It may be the case that many intermediate-scale 
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measurements, including those made in my first chapter, are limited by the temporal 

mismatch between stress responses seen in the SIF signal and those seen in leaf physiology 

(see Figure 1c, Magney et al., 2020). It is also possible that strong SIF-GPP relationships 

at larger scales may be the result of their shared driver, APAR (Du et al., 2017; Miao et al., 

2018; Wieneke et al., 2018), which may drive the broad trends in variability of ΦF and ΦP 

that can be captured at the satellite scale. Finally, discrepancies in the direction and strength 

of SIF-GPP relationships across scales may be an artifact of the sun-synchronous orbit of 

most SIF-measuring satellites, which collect SIF data only at midday and under clear sky 

conditions, where ΦF and ΦP are directly correlated (Magney et al., 2020). During low-

light conditions, where photochemistry and fluorescence more directly compete for 

photons, ΦF and ΦP show in inverse relationship. Thus, non-linear SIF-GPP relationships 

found from platforms that measure across illumination conditions may simply be capturing 

a more complete picture of SIF-GPP relationships, rather than contradicting satellite-scale 

findings.  

SIF retrievals made at finer spatial scales, such as from tower and airborne 

platforms, are complicated by additional considerations, including environmental and 

hardware-related sources of variability in recorded spectra. My second chapter regarding 

the sensitivity of the SIF signal to instrumentation and calibration effects suggests that the 

challenges of measuring faint and temporally dynamic variations of SIF in a field setting 

may contribute to the lack of clarity in SIF-GPP relationships at intermediate scales (Marrs 

et al., 2021). The diversity of field-deployed instrumentation and associated hardware, 

particularly cosine correctors used to measure downwelling irradiance, as well as 
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variability in the accuracy of laboratory calibrations and corrections, may serve to obscure 

otherwise informative trends in SIF measured at intermediate scales. The findings from our 

field and laboratory calibration work, as well as from a meta-analysis of published papers 

on SIF data collected at intermediate scales, point to the urgent need for standardization in 

field-deployed instrumentation types and in the calibration and characterization of these 

sensors and associated hardware. Sensor intercomparison campaigns should become a 

priority for the SIF community, and would have the double benefit of enabling comparisons 

among the many field sites now collecting data and of enhancing the utility of these sites 

for ground validation of satellite SIF retrievals. 

Though the detectors and hardware used for SIF measurements in the field greatly 

contribute to variability in absolute SIF retrieval magnitude, the OSSE simulation run in 

my second chapter showed that the largest single source of uncertainty among all factors 

tested was the correction for atmospheric O2 absorption. The atmospheric correction 

depends on SIF retrieval method and distance between target and sensor, but also on 

ambient temperature, humidity, and atmospheric pressure, and thus this finding 

demonstrates the importance of environmental variability when measuring SIF in field 

settings. This is consistent with many of the results presented in my third chapter, where 

transient environmental effects such as cloud cover and wind speed exerted a great deal of 

influence over retrieved SIF values. Interpretation of the variable SIF values retrieved over 

the 2020 growing season was aided by including PRI data, which capture information on 

heat dissipation via the xanthophyll pigment cycle and allow for a fuller picture of leaf-

level energy partitioning dynamics. SIF-PRI relationships varied on diurnal and seasonal 
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timescales, and findings from leaf-level gas exchange measurements and leaf pigment 

content quantification suggested that seasonally shifting energy partitioning dynamics, 

along with environmental variability on shorter temporal scales, drove these changes in our 

remotely sensed measurements. These findings make a clear case for the necessity of 

contextualizing tower-based SIF measurements within knowledge of environmental 

conditions at the time of measurement, a factor which likely contributes to heterogeneity 

in SIF retrievals within single satellite overpasses.  

Satellite SIF measurements offer useful physiological information and great 

promise for improvements to global GPP modelling efforts. In order to take full advantage 

of SIF data to create more reliable models of global productivity, it will be necessary to 

better characterize the spatiotemporal boundaries required to relate a leaf-level 

phenomenon like chlorophyll fluorescence to global estimates of productivity. Some 

currently operating satellite platforms may be useful in this effort. For example, the 

Deutsches Zentrum für Luft- und Raumfahrt (DLR, meaning German Aerospace Center) 

Earth Sensing Imaging Spectrometer (DESIS) is a hyperspectral satellite platform currently 

deployed on the International Space Station (ISS), measuring in the wavelengths needed to 

calculated PRI. Similarly, the Ecosystem Spaceborne Thermal Radiometer Experiment on 

Space Station (ECOSTRESS) satellite, also currently measuring from the ISS, provides 

thermal measurements that may be useful in characterizing plant water stress. Such satellite 

data must be paired with data collection and synthesis at finer spatiotemporal scales in 

order to obtain a fuller picture of energy partitioning on the ground, and SIF retrievals 

across scales should be interpreted in the broader context of biological and environmental 
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controls. SIF offers tremendous promise for improving the characterization of terrestrial 

carbon exchange, and a fuller understanding of the boundaries on its utility and 

interpretation will help to enhance the utility of SIF-measuring platforms currently in orbit 

and create more reliable models of global productivity.  
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APPENDIX A: SUPPLEMENTARY FIGURES 

  

Figure S1. Experimental Design Schematic. Schematic shows approximate geometries for 

remote SIF measurements on a sample tree on the FOREST treeline, with three neighboring 

branches being pressurized, ABA-treated, or left as control. Leaf punches for pigment 

characterization, and LI-COR 6800 measurements of gas exchange and PAM fluorescence 

parameters are represented. 
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Figure S2. Field Photographs of the FOREST Site. a: View of the treeline from the field building 

balcony. b: The LI-COR 6800 clamped to a leaf. c: The SIF-measuring telescope. d: The pressure 

cuff in place around a branch. e: Field tape marking an experimental branch. f: Abscisic acid 

application with a spray bottle. 
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Figure S3. SIF Retrieval Method Intercomparison. Plot shows retrievals made using the 

Fraunhofer line depth (FLD) and 3FLD SIF retrieval methods. SIF retrievals are linearly related 

(R2 = 0.97), with FLD retrievals being of slightly larger magnitude. 
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Figure S4. Kautsky Curve. SIF and Fs time series measured simultaneously show the 

characteristic Kautsky effect, with close temporal matching between the two data streams. SIF 

measurements were made on a white oak branch at approximately 100 m distance; Fs measurements 

were made at leaf level. 
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Figure S5. Local Meteorological Data. Data are from the historical archive of the Weather 

Underground station at Washington Dulles International Airport in Chantilly, Virginia, United 

States. Measurements were collected from 8:09 AM EDT to 10:18 AM EDT on 10 July 2019 and 

from 8:09 AM EDT to 10:20 AM EDT on 12 July 2019.  
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Figure S6. Number of Corrections Applied. (a) Mean far-red SIF values plotted against mean 

red SIF values from the same vegetated targets. Both axes are shown on a log scale. (b) Mean far-

red SIF values plotted against mean gross primary productivity (GPP) values, where available. In 

both panels, points are color-coded by land cover type and point size shows the number of 

corrections applied to the SIF-measuring system used to make each retrieval. 
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Figure S7. Radiometric Responsivity Laboratory Configuration. Idealized instrument 

configuration during laboratory measurements of radiometric responsivity for irradiance-

measuring instruments.  
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Figure S8. Cosine Corrector Characterization Laboratory Configuration. (a) Photographs of 

cosine corrector connected to fiber optic cable and spectrometer was mounted on a rotating stage 

(left), directly opposite a 1000 W FEL lamp and alignment laser (right). Lamp and cosine corrector 

were separated across a laboratory bench (center), on which a post (not shown) was placed during 

measurements of diffuse reflectance. (b) Simplified diagram of cosine corrector characterization 

laboratory configuration.  
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Figure S9. FOREST Site Schematic. The pointable telescope used for radiance measurements 

and fiber optic cable used for irradiance measurements are mounted on a building nearby the 

FOREST treeline, atop a small hill. Approximate heights, distances, and angles between sensor and 

vegetation are given as annotations.  
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Figure S10. Range of View Zenith Angles. Values shown here were calculated from 

specifications provided from papers in the meta-analysis. View zenith angle values were obtained 

with one of three methods: [1] angles were taken directly from each paper where given, [2] angles 

were calculated using sensor height and swath width values, using the most extreme value along 

the swath for plotting, [3] angles were calculated based on angular field of view around 

measurements taken at nadir, with the plotted value being the most extreme angle at which light 

was collected from the field of view. These values illustrate a wide range of viewing angles used 

from tower-based and airborne SIF platforms. View angle values with a higher frequency are those 

repeated across papers that use the same sensor platform. Data to produce this figure can be found 

in Column BI of Table S1. Values in that column are marked with a number in brackets, 

corresponding to those above, to indicate the method by which the value was obtained. 
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Figure S11. Inputs for Uncertainty Estimation. Smoothed time series of field-collected 

irradiance (a) and radiance (b) used as simulated data for uncertainty estimation. Time series of air 

pressure (c), air temperature (d), and relative humidity (e) were obtained from the Weather 

Underground historical data record from the Washington Dulles International Airport Station in 

Chantilly, Virginia, United States (Weather Underground, n.d.). All data are from 6 September 

2018. 
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Figure S12. Wavelength Dependence of Cosine Corrector Effects. Percent difference between 

theoretical cosine function describing decrease in measured light intensity at increasing angles for 

three diffusive materials. Slight variation performance presented for two wavelengths (inside and 

outside of the atmospheric O2-A absorption feature) relevant for FLD retrievals of solar-induced 

fluorescence. 

 

 

Figure S13. Cameron System and Fields of View. Overview of urban area in Boston, 

Massachusetts targeted with Cameron system, with AXIS camera and optics box mounted in 

foreground (panel b). Blue circled tree and panel a show silver linden tree from which data 

presented in this manuscript were collected, with level gas exchange measurements in progress 

(lower left side) and sapflow sensor visible (white box mid-stem). Fields of view (red crosshairs) 

are shown superimposed on panel a. 
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Figure S14. Sky Condition Index. Representative timeseries of sky images collected with 

Cameron system on 10 August 2020, along with timestamps and image numbers along left and 

right sides (panel a). Panels b and c show timeseries of mean blue chromatic coordinate (BCC) and 

coefficient of variation in BCC, respectively. Image numbers printed in plots correspond to image 

numbers from panel a, and are color coded based on sky condition category, following the legend 

in panel b. 

 

 
 

Figure S15. SIF/NIRv-PRI Relationships. SIF / NIRv and PRI data from the 2020 growing season, 

aggregated to 15 min intervals. Red lines indicate segmented models fit to SIF and PRI data. Slopes 

printed in red indicate the slope of the uppermost portion of each segmented model. Point color 

ramp indicates sapflow value, and magenta points indicate sapflow values higher than 70 g m-2 s-1. 
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Figure S16. Midday SIF-PRI Relationships. For ease of reference, top row is identical to Figure 

1, showing all available observations of SIF and PRI, aggregated to 15 min intervals over the 2020 

growing season. Plots in top and middle rows show subsets of these data, limited to observations 

collected between 10:00 and 16:00 on each day, and where PAR fell between 500 umol m-2 s-1 to 

1000 umol m-2 s-1 or 1000 umol m-2 s-1 to 1500 umol m-2 s-1, respectively. Slopes printed in red in 

the top row indicate the slope of the uppermost portion of segmented models fit to SIF and PRI 

data. Slopes printed in red in middle and bottom rows indicate the slope of linear models fit to SIF 

and PRI data. Point color ramp indicates sapflow value, and magenta points indicate sapflow values 

higher than 70 g m-2 s-1.  
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APPENDIX B: SUPPLEMENTARY TABLE 

Paper 

Number Title Authors 

1 

Diurnal Cycle 

Relationships between 

Passive Fluorescence, PRI 

and NPQ of Vegetation in 

a Controlled Stress 

Experiment 

Alonso, Luis; Van Wittenberghe, Shari; Amoros-

Lopez, Julia; Vila-Frances, Joan; Gomez-Chova, Luis; 

Moreno, Jose 

2 

Study of the diurnal cycle 

of stressed vegetation for 

the improvement of 

fluorescence remote 

sensing 

Amoros-Lopez, Julia; Gomez-Chova, Luis; Vila-

Frances, Joan; Calpe, Javier; Alonso, Luis; Moreno, 

Jose; del Valle-Tascon, Secundino 

3 

Using spectral 

chlorophyll fluorescence 

and the photochemical 

reflectance index to 

predict physiological 

dynamics Atherton, J.; Nichol, C. J.; Porcar-Castell, A. 

4 

Hyplant-Derived Sun-

Induced Fluorescence-A 

New Opportunity to 

Disentangle Complex 

Vegetation Signals from 

Diverse Vegetation Types 

Bandopadhyay, Subhajit; Rastogi, Anshu; Rascher, 

Uwe; Rademske, Patrick; Schickling, Anke; Cogliati, 

Sergio; Julitta, Tommaso; Mac Arthur, Alasdair; 

Hueni, Andreas; Tomelleri, Enrico; Celesti, Marco; 

Burkart, Andreas; Strozecki, Marcin; Sakowska, 

Karolina; Gabka, Maciej; Rosadzinski, Stanislaw; 

Sojka, Mariusz; Iordache, Marian-Daniel; Reusen, Ils; 

Van der Tol, Christiaan; Damm, Alexander; 

Schuettemeyer, Dirk; Juszczak, Radoslaw 

5 

Measuring Stress 

Reactions of Beech 

Seedlings with PRI, 

Fluorescence, 

Temperatures and 

Emissivity from VNIR 

and Thermal Field 

Imaging Spectroscopy 

Buddenbaum, Henning; Rock, Gilles; Hill, Joachim; 

Werner, Willy 

6 

Diurnal and Seasonal 

Variations in Chlorophyll 

Fluorescence Associated 

with Photosynthesis at 

Leaf and Canopy Scales 

Campbell, Petya K. E.; Huemmrich, Karl F.; 

Middleton, Elizabeth M.; Ward, Lauren A.; Julitta, 

Tommaso; Daughtry, Craig S. T.; Burkart, Andreas; 

Russ, Andrew L.; Kustas, William P. 

 

Truncated table; full version can be downloaded from: 

https://www.sciencedirect.com/science/article/pii/S0034425721001310 
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Table S1. Intermediate-scale SIF Literature Meta-analysis Results Meta-analysis data, column 

names and acronyms are below.  
 

A: Paper number, assigned alphabetically by lead author surname 

B: Paper title 

C: Full list of authors 

D: Year of publication  

E: Journal name, volume, issue, and page numbers 

F: Duration of measurements summarized in each row 

G: Measurements made in indoor or outdoor environments 

H: Season during which measurements were made 

I: Time of day or time range over which measurements were made 

J: Spatial scale of measurement 

K: Measurements made at the leaf scale (Leaf) or a larger scale (Canopy)  

L: Vegetation type  

M: Geographic location for measurements  

N: Plant name, species, and, where available, cultivar on which measurements were made 

O: Distance or distance range from sensor to target (m) 

P: Distance from sensor to target (m), with ranges from column O converted to a single mean value  

Q: Method for measuring downwelling irradiance  

R: Frequency of downwelling measurements  

S: Frequency with which measurements of vegetation were made 

T: Specification of whether measurements of vegetation were made as radiance (L) or reflectance 

(R) 

U: Data averaging for each experiment 

V: Spectrometer or device for measurements  

W: Specification of whether measurement device was a commercial product or custom made in-

house 

X: Specification of whether device optics were dispersive and/or used filters during measurement 

Y: Wavelength position(s) or range(s) in nm, used for far-red solar-induced fluorescence (SIF) 

retrievals 

Z: Wavelength position(s) or range(s) in nm, used for red SIF retrievals 

AA: Full width at half maximum (FWHM) [1], spectral resolution (SR) [2], or spectral sampling 

interval (SSI) [3] of measurement device in the wavelength range used for far-red SIF retrievals 

AB: Full width at half maximum (FWHM) [1], spectral resolution (SR) [2], or spectral sampling 

interval (SSI) [3] of measurement device in the wavelength range used for red SIF retrievals 

AC: Name of SIF retrieval method employed, using the following abbreviations: DOAS = 

differential optical absorption spectroscopy (Platt and Stutz, 2008), FLD = Fraunhofer line depth 

(Plascyk and Gabriel, 1975), 3FLD = 3-band FLD (Maier et al., 2003), Damm method = modified 

3FLD (Damm et al., 2014), iFLD = improved FLD (Alonso et al., 2008), nFLD = n-band FLD 

(Daumard et al., 2010), pFLD = principal component analysis-based FLD (Liu and Liu, 2015), 

RHM = reflectance height method (Hu et al., 2017), SFM = spectral fitting methods (Meroni and 

Colombo, 2006), F-SFM = full-spectrum SFM (Liu et al., 2015). Full citations for references in 

this column can be found in the Bibliography. 

AD: Simplified version of column AC  

AE: Number of channels or wavelengths or windows used in far-red SIF retrieval 

AF: Number of channels or wavelengths or windows used in red SIF retrieval 

AG: Reflectance assumption within SIF spectral windows  
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AH: Fluorescence assumption within SIF spectral windows  

AI: Study objective  

AJ: Where appropriate, type of stress experienced by or manipulation applied to stressed vegetation 

AK: Name of parameter used to quantify fluorescence  

AL: Original reported fluorescence units  

AM: Maximum far-red fluorescence value from stressed vegetation 

AN: Mean far-red fluorescence value from stressed vegetation 

AO: Maximum far-red fluorescence value from control vegetation 

AP: Mean far-red fluorescence value from control vegetation 

AQ: Maximum red fluorescence value from stressed vegetation 

AR: Mean red fluorescence value from stressed vegetation 

AS: Maximum red fluorescence value from control vegetation 

AT: Mean red fluorescence value from control vegetation 

AU: Maximum gross primary productivity (GPP) value from stressed vegetation 

AV: Mean GPP value from stressed vegetation 

AW: Maximum GPP value from control vegetation 

AX: Mean GPP value from control vegetation 

AY: Original units in which GPP data were reported. [*] indicates that values were originally 

reported as gross ecosystem productivity, net assimilation, or net photosynthesis. 

AZ: Methods and/or equipment used to perform spectral alignment correction on measurement 

devices 

BA: Methods used to perform electronic dark signal correction on measurement devices 

BB: Cosine corrector specifications 

BC: Methods used to perform atmospheric absorbance correction for SIF retrievals 

BD: Target field equipment temperatures, temperature ranges, and protocols  

BE: Signal-to-noise ratios (SNR) for measurement devices 

BF: Methods used to quantify and correct detector nonlinearity 

BG: Methods used to quantify and correct for stray light in measurement devices 

BH: Methods and/or equipment used to perform radiometric calibration of measurement devices 

BI: View zenith angle (VZA) between detector optics and target. Bracketed numbers indicate the 

method by which VZA was calculated. More detail on these methods is given in the caption to 

Figure S10.  

BJ: Notes, including assumptions made while summarizing publication details and additional 

relevant citations in which instrumentation details can be found. Full citations for references cited 

in this column can be found in the Bibliography. 
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