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Abstract 

Terrestrial vegetation helps mitigate the accumulation of CO2 in the atmosphere through 

photosynthesis, which locks CO2 into vast stores of vegetative material. However, the rate of 

this flux is itself sensitive to global change and may fluctuate in ways that are difficult to 

predict. Monitoring gross primary productivity (GPP) continuously across both space and time 

is thus critical to understanding the risks of continued climate change. This thesis evaluates 

satellite remote sensing measures to improve assessment of carbon uptake and explores the 

complementarity and confounding factors of two physiologically related spectral indices: solar 

induced chlorophyll fluorescence (SIF), and the photochemical reflectance index (PRI). 

An evaluation of the impact of land cover and latitude on SIF phenology across the Province of 

Ontario using a GIS approach shows higher SIF magnitudes in more densely vegetated land 

cover types, early start of season in urban environments, and delayed start of season in 

croplands. Exploiting the 2017 North American Solar Eclipse as a natural shading experiment 

over a mixed forest canopy at proximal scale indicates that changes in PRI  can result from 
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multiple scattering of light through a forest canopy. As SIF and PRI are highly sensitive to 

canopy structure, I devise and test methods to measure leaf area index from understory light 

sensors. I report a near 20-year record of canopy structure for a mixed forest site. Finally, I 

report the results of a comprehensive field campaign to characterize the causes of variability in 

SIF, PRI and GPP across diurnal, seasonal and interannual time periods. Variability in PRI and 

SIF yield are associated with changes in canopy chlorophyll content and canopy structure. The 

findings support emerging evidence that structure and radiation dominate SIF variation and 

highlight limitations of PRI in tracking light stress over long time series.  

The findings advance our ability to assess vegetation productivity from space and indicate 

factors that may confound our interpretation of remotely sensed spectral indices. 
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Chapter 1 
Introduction 

The earthôs climate is changing at an unprecedented rate, driven by anthropogenic emissions of 

greenhouse gases such as carbon dioxide (CO2) from the burning of fossil fuels. Terrestrial 

vegetation helps mitigate the accumulation of CO2 in the atmosphere through photosynthesis 

which locks CO2 into vast stores of vegetative material. The amount of carbon sequestered into 

vegetation in a fixed period of time is referred to as gross primary productivity (GPP). However, 

the rate of this flux is itself sensitive to global change and may fluctuate in ways that are 

difficult to predict. Monitoring GPP continuously across both space and time is thus critical to 

understanding the risks of continued climate change. In this thesis, I evaluate remote sensing 

measures to improve assessment of carbon uptake from space. The findings advance our ability 

to assess vegetation productivity from space and reveal factors that may confound our 

interpretation of remotely sensed spectral indices. 

1.1. Importance of terrestrial GPP monitoring and the state of 

Canadaôs forests 

1.1.1. Carbon budget 

The global average atmospheric CO2 concentration is projected to reach 415ppm by the end of 

2021 (Friedlingstein et al., 2021). By comparison, pre-industrial concentrations were relatively 

steady near 280ppm in the first half of the 19th century prior to the industrial revolution. These 

increases in atmospheric CO2 have warmed the climate at a rate unprecedented in the last two 

millennia, and observed temperatures are comparable to the warmest period in the last 100,000 

years (IPCC, 2021). Despite increasing emissions of CO2 over time, the airborne fraction has 

remained remarkably constant at around 0.45 due to increased uptake by the terrestrial biosphere 

and global oceans (Canadell et al., 2007). A considerable area of uncertainty in predictions of 

future climate change lies in where, why, and how the land and oceans have kept pace thus far, 

and whether they will continue to do so (Gloor et al., 2010).  
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Terrestrial ecosystems have a large effect on the accumulation of CO2 in the atmosphere. 

Annually, 9.5 GtC of fossil CO2 is emitted to the atmosphere through human activities, with 

additional 1.1GtC emitted by changes in land use such as deforestation (Friedlingstein et al., 

2021). The global land surface absorbs 3.1GtC of these excess emissions to the atmosphere 

annually, through photosynthetic uptake of CO2. The oceans take up additional 2.8GtC, limiting 

the atmospheric CO2 growth rate to 5.1GtC annually (Friedlingstein et al., 2021). However, 

there remains uncertainty as to the current magnitude, intra- and interannual variability, and 

geographic distribution of the global land surfaceôs ability to take up CO2, as well as the future 

trajectory. Constraining these uncertainties remains a scientific priority to better understand, 

predict, and mitigate the risks of global climate change. 

1.1.2. CO2 fertilization effect 

The land carbon sink results from an imbalance between terrestrial carbon uptake through 

photosynthesis, and emissions through respiration and disturbances such as wildfire. One 

mechanism for this imbalance is the CO2 fertilization effect. At higher levels of atmospheric 

CO2, plants permit diffusion of the same quantity of CO2 with lower stomatal conductance, 

thereby conserving water (Ainsworth and Rogers, 2007). Thus, higher CO2 has supported 

increased plant growth, especially in water limited environments. However, at the leaf level the 

response of photosynthesis to CO2 is nonlinear: at a saturating CO2 concentration, CO2 is no 

longer limiting the rate of photosynthesis and photosynthesis becomes instead limited by the 

availability of the substrate ribulose bisphosphate (RuBP) to bind CO2 in the photosynthetic 

apparatus (Farquhar et al., 1980; Sharkey et al., 2007). In other words, at leaf level, the carbon 

fertilization effect saturates at high CO2. For instance, Chapter 5 of this thesis reports a series of 

CO2 response curves measured at a temperate forest site. In these measurements, CO2 typically 

limited the rate of photosynthesis only when below 500ppm. It remains unclear how global 

vegetation will acclimate to a high CO2 regime, and resource intensive free air CO2 enrichment 

(FACE) experiments have proliferated to try to reveal these effects across a variety of biomes, 

environmental conditions (warming), and nutrient limitation regimes (Ainsworth and Long, 

2021). Evidence suggests that the strength of the carbon fertilization effect is declining globally 

(S. Wang et al., 2020), which has implications for how we might address climate change. 
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1.1.3. Sensitivity of terrestrial ecosystems to climate, weather, and 

disturbance 

Terrestrial vegetation is also highly sensitive to changes in precipitation and temperature, as well 

as extreme weather events. Hot dry conditions can lead to declines in productivity as plants 

close their stomata to conserve water, but if these conditions persist, drought-induced mortality 

can occur. Storms can lead to extreme weather such as hail, wind, ice, or flooding that can 

damage vegetation directly. Warming and drought can reduce tree resilience even though 

suitable habitat ranges expand in both latitude and altitude, increasing susceptibility to herbivory 

as in the case of the mountain pine beetle (Dendroctonus ponderosae), the hemlock woolly 

adelgid (Adelges tsugae), the Lymantria dispar dispar (LDD) moth or the emerald ash borer 

beetle (Agrilus planipennis). Increased storms are also associated with the frequency and 

severity of forest fires. Climate change has already caused an increased frequency and intensity 

of extreme weather events. However, it remains impossible to predict localized occurrences of 

extreme weather and how they will interact with endemic ecosystems. It is thus challenging to 

both measure and predict the combined effects of these regional scale interactions on the global 

carbon balance. Remote sensing of GPP addresses these challenges allowing us to map the 

reductions in productivity caused by such disturbances, and to monitor post-disturbance 

recovery.  

1.1.4. Natural climate solutions 

The ability of terrestrial ecosystems to absorb carbon from the atmosphere has led to excitement 

over the prospect of natural climate solutions (also known as nature-based climate solutions) ï 

the ability of nature to mitigate climate change. Griscom et al. (2017) suggest natural climate 

solutions can provide 37% of the mitigation efforts needed to achieve the Paris Agreement target 

of limiting warming to 2°C. Bastin et al. (2019b) further assert that the earth could support an 

additional 0.9 billion hectares of canopy cover, that if allowed to mature would store up to 

205GtC. This amounts to 2/3 of the ~300GtC (or ~1000 Gt CO2) that has been added to the 

atmosphere by human activities since 1850; thus, Bastin et al. (2019b) hailed ecosystem 

restoration as among the most effective tools to mitigate climate change. These studies have 

sparked action by individuals and corporations aiming to reduce their carbon footprints. Tree 
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planting initiatives are now ubiquitous among corporate social responsibility plans and serve as 

a marketing tactic to sway environmentally conscientious consumers. The Bonn Challenge aims 

to restore 150m ha by 2020 and 350m ha by 2030. The Trillion Trees campaign aims to plant 1 

trillion trees based on an estimate that there are 3.04 trillion trees currently, and that 46% have 

been lost due to human activities. The popular #teamtrees movement has already funded the 

planting of 23 million trees from donations, and has planted 9 million of these trees.  

However, Bastin et al. (2019b) was highly criticized by the scientific community for 

overestimating the area available for forest restoration, as well as the total carbon sequestration 

estimate for tree planting potential. Further, some critics of the study highlight the potential of 

these overestimates to misguide climate policy. Indeed, many tree planting initiatives have failed 

to meet their intended goals. For instance, on Nov 11, 2019, a tree-planting campaign in Turkey 

succeeded in planting 11 million trees. However, within three months 90% of the trees planted 

had died due to lack of water resulting from insufficient rainfall and poor timing of planting 

(Kent, 2020). In such instances, planting targets were met, but a measurable impact on climate 

change was not achieved. There can also be unintended consequences of tree planting initiatives 

such as reductions in biodiversity (particularly where forest is non-native), consequences on the 

hydrological cycle, increased risk of fire, and decreased surface albedo. Brancalion and Holl 

(2020) underscore the need for biophysical targets for tree planting initiatives and highlight that 

planting trees alone may not always restore (or create) a functioning forest.  

The number of hectares of forest restored, and the number of trees planted do not easily inform 

how well we are meeting mitigation targets, and do not quantitatively indicate the quantity of 

carbon emissions offset. This lack of clarity distracts from more urgent priorities such as 

eliminating reliance on fossil fuels. A carbon-based metric is urgently needed to monitor the 

success of natural climate solutions and prevent unintended impacts to sensitive ecosystems 

caused by assessing the wrong metric. This would help direct the massive social momentum 

around natural climate solutions toward the most effective, evidence-based solutions.  

1.1.5. Canadaôs forests 

New estimates suggest Canadaôs terrestrial ecosystems store 405 Pg C, distributed amongst 

plant biomass (21 Pg C), peat soils (92 Pg C) and other soils (292 Pg C) (Söthe et al., 2021). 
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This amounts to 11.5% of the 3550 Pg C stored in terrestrial ecosystems globally (Friedlingstein 

et al., 2021).  

The fluxes of greenhouse gases (GHGs) between Canadaôs land and atmosphere are reported to 

the United Nations Framework Convention on Climate Change as part of Canadaôs annual 

national inventory report (ECCC, 2021). Canadaôs managed lands oscillate between a net source 

and net sink of CO2 to the atmosphere. Canada reported that managed lands decreased GHG 

emissions by 13 Mt CO2 eq or 1.8% of total emissions in 2018 in the 2020 national inventory 

report, but improved accounting for insect and other disturbances, bioenergy production, forest 

harvest, and forest conversion led to an increase in net emissions of 21Mt changing the net flow 

to a source of 8.4Mt CO2 eq from Canadaôs managed lands in 2018, as reported in the 2021 

national inventory report. The most up to date estimates from Canadaôs national inventory 

reports suggest Canadaôs land surface has been a source of CO2 to the atmosphere since 2015 

with the highest emissions of 9.9Mt in 2019, the most recent year reported (ECCC, 2021). These 

large changes in estimates demonstrate the continued challenges associated with accounting for 

the earthôs carbon balance. The largest influence of the Canadian land surface on net fluxes are 

from the forest sector in which net sinks decreased from 200Mt in 1990 to 130Mt in 2007 and 

fluctuated thereafter.  

It is impossible to measure carbon stocks and fluxes on the ground with sufficient spatial 

coverage for accurate carbon accounting (Schimel et al., 2015). Canadaôs land surface GHG 

estimates reported to the UNFCCC are thus instead derived from the Carbon Budget Model of 

the Canadian Forest Sector (CBM-CFS3) (Kull et al., 2019; Kurz et al., 2009). This model is 

driven by empirical data on forest yield, rather than by simulating photosynthesis, and therefore 

cannot simulate perturbations in processes that respond to atmospheric CO2 or climatic changes. 

The CBM-CFS3 modelôs advantage lies in its intermediate complexity: CBM-CFS3 can 

explicitly model disturbance, land use change, and management/harvest activities as well as the 

transfer of carbon between pools with relatively few input parameters compared to process 

models.  

Process models, on the other hand, can help simulate how ecosystems will respond to changing 

environmental conditions through explicit representation of photosynthesis, respiration, and 

other processes, but require substantial environmental and biophysical input parameters. The 
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Integrated Terrestrial Ecosystem Carbon-budget (InTEC) model was developed to address this 

gap by integrating process-based representation of photosynthesis with models of disturbance, 

and forest management (Chen et al., 2000). InTEC explicitly simulates the response of terrestrial 

photosynthesis to factors such as temperature and growing season length, atmospheric CO2 

concentration and precipitation and can thus better predict how terrestrial GPP will respond to 

continued climate change. 

1.2. Remote sensing in Gross Primary Productivity (GPP) 

modelling 

Satellite-based remote sensing can provide spatially contiguous input datasets from which 

estimates of GPP can be derived using models of the terrestrial biosphere. For instance, the 

Moderate Resolution Imaging Spectrometer (MODIS) GPP product uses a light-use efficiency 

approach to model GPP from remotely sensed inputs:  

 ὋὖὖὒὟὉ ὖὃὙὪὃὖὃὙ Equation 1-1 

where LUE is light use efficiency, PAR is photosynthetically active radiation and fAPAR is the 

fraction of photosynthetically active radiation absorbed by vegetation. PAR is determined from 

time of day, time of year, and latitude, as well as atmospheric conditions. fAPAR depends on the 

structure and absorptivity of vegetation in the PAR spectrum and is estimated from an algorithm 

to account for biome specific radiative transfer. LUE is simply the efficiency by which light is 

utilized for photosynthesis, and varies with vegetation type, light levels, meteorological 

conditions, among other factors. The MODIS-GPP product uses a look up table spanning 11 

global biomes to parameterize LUE in the calculation of GPP. This method is not able to resolve 

sub-biome variability in LUE dynamics. Other LUE based modelling approaches adjust LUE 

using computational approaches that account for the temperature sensitivity of photosynthesis 

and water stress (CASA, GLO-PEM); thus, the scientific community has dedicated substantial 

resources to developing methods to monitor LUE and photosynthesis from space directly. This 

thesis focuses primarily on two spectral indices that relate to vegetation physiology, that are well 

poised to elucidate partitioning of sunlight through photosynthetic and non-photosynthetic 
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pathways from space: solar induced chlorophyll fluorescence (SIF), and the photochemical 

reflectance index (PRI). 

1.2.1. Remote sensing of SIF 

When illuminated, chlorophyll molecules re-emit a small portion of absorbed light at longer 

wavelengths through fluorescence. Dynamic changes in chlorophyll fluorescence have long 

been used in photosynthesis research. Plants capture sunlight using light harvesting complexes 

associated with photosynthetic reaction centres. These complexes transfer energy to chlorophyll 

resulting in singlet-state excitation of the chlorophyll molecule. The excitation energy dissipates, 

returning chlorophyll to its ground state via several distinct pathways: 1) by driving 

photosynthesis, 2) through chlorophyll fluorescence, or 3) through non-photochemical 

quenching including thermal dissipation (Krause and Weis, 1991; Muller, 2001). These 

pathways compete for excitation energy, and the proportion of energy directed to each pathway 

determines the efficiency by which plants are able to use light for photosynthesis.  

SIF is detectable from space from Earth-orbiting satellites. A linear relationship has been 

observed between SIF and GPP from space (Guanter et al., 2012; Köhler et al., 2018; Sun et al., 

2018; Y. Zhang et al., 2016), presenting a new paradigm for remote monitoring of terrestrial 

photosynthesis.  

1.2.2. The photochemical reflectance index (PRI) 

PRI is a spectral index that exploits a change in reflectance at 531nm, a spectral region that 

responds to xanthophyll pigment interconversions (Gamon et al., 1992, 1990). Under light 

stress, reflectance at 531nm and the PRI decrease. As the xanthophyll cycle is the primary 

mechanism responsible for dissipation of excess light through non-photochemical quenching, 

PRI has shown promise for mapping LUE remotely (Garbulsky et al., 2011; C. Zhang et al., 

2016). 
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1.3. Open research questions: 

While SIF and PRI are well poised to improve capabilities for remote sensing of GPP, there 

remain challenges in interpreting the mechanisms for variation in SIF and PRI in both space and 

time. There remain open scientific questions that must be addressed before reliable carbon 

accounting can be achieved using these new methods. In particular, despite the linear 

relationship observed between SIF and GPP from space, chlorophyll fluorescence relates 

nonlinearly to photosynthesis at a leaf scale, and plot scale (Frankenberg and Berry, 2018; 

Mohammed et al., 2019; Porcar-Castell et al., 2021, 2014). The mechanism for the linearization 

of the SIF-GPP relationship observed from space remains elusive and further research is needed 

to understand what passive measurements of SIF can indicate about canopy structure, canopy 

chlorophyll content and light partitioning (Magney et al., 2019a; Mohammed et al., 2019). PRI 

is well poised to contribute to this understanding through its ability to detect nonphotochemical 

quenching driven by the xanthophyll cycle. However, a universal relationship between PRI 

value and LUE has not emerged since the indexôs first presentation in 1992 (C. Zhang et al., 

2016). PRI has been shown to be sensitive to LAI, as well as chlorophyll and carotenoid content, 

complicating its interpretation over heterogeneous landscapes.  

1.4. Thesis objectives and structure 

This thesis focuses on the overarching objective of assessing whether PRI can be used to 

improve monitoring of GPP using SIF by untangling causes of variability in SIF and PRI 

including illumination, view-illumination geometry, canopy structure, canopy chlorophyll 

content, and physiology. These factors vary in both space and time, and this thesis focuses on 

spatial scales ranging from the leaf to satellite scale, and temporal scales ranging from seconds 

to multiple years. This thesis is comprised of four main manuscripts followed by a summary of 

general conclusions and future research directions: 
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1.4.1. Chapter 2: Land cover and latitude affect the phenology of solar 

induced fluorescence in the Province of Ontario, Canada 

Chapter 2 describes the overall phenology of SIF across the province of Ontario and assesses 

differences in satellite based SIF phenology across land cover types and latitudinal zones. This 

is achieved using a GIS approach to assess the area of each land cover class in each SIF 

measurement available from the TROPOMI satellite. In contrast to spatial downscaling schemes 

which use several days of SIF observations to determine spatial averages across a grid, this GIS 

approach prioritizes temporal fidelity and land cover accuracy over spatial resolution. The 

results highlight that SIF phenology generally reflects differences in vegetation phenology 

owing to agricultural practices (later planting dates lead to late peak SIF), urban heat island 

effects (urban areas green up earlier and senesce later than natural environments), and latitude 

(northern areas green up later and senesce earlier than more southern areas of the same land 

cover type). This chapter confirms the control of vegetation phenology on the SIF signal 

observed from space at regional scale and has implications for how land cover decisions impact 

the carbon balance of Ontarioôs terrestrial ecosystems. 

The specific questions assessed in this chapter are: 

i) Does SIF phenology and magnitude track expected biogeographic variation due to land 

cover? 

ii)  Does SIF phenology and magnitude track expected biogeographic variations due to 

latitude? 

iii)  Given the tight linkage between GPP and SIF, how is carbon uptake impacted by land 

use change? 
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1.4.2. Chapter 3: The response of spectral vegetation indices and solar 

induced fluorescence to changes in illumination intensity and geometry in 

the days surrounding the 2017 North American Solar Eclipse 

It is well established that PRI and SIF change in tandem at small spatial scales. For instance, a 

transition of a dark-adapted plant or leaf into full sunlight produces synchronous changes in both 

PRI and SIF: 

 

Figure 1-1 Example of concurrent measurements of SIF (a.u.) and PRI (unitless) over a potted basil plant after a 
transition from a dark-adapted to light saturated state (unpublished data). 

However, such phenomena have not been observed directly at the scale of whole forest canopies 

as artificially manipulating the light environment of a whole forest is impractical (if not 

impossible). While it is reasonable to assume individual leaves in the forest canopy exhibit this 

coupled light sensitivity, it is not clear how confounding effects from variability in the sunlit-

shaded fraction, canopy chlorophyll or canopy structure would impact observation of these 

effects at forest scale. Under field conditions, changes in illumination level are often 

accompanied by changes in illumination angle, associated with diurnal variation in the solar 

position. The exception to this rule is during a solar eclipse, where the sunôs light is obscured 

with only small accompanying changes in illumination direction. Although a solar eclipse 

obscures direct solar radiation in a manner similar to a cloud, it provides a smooth and rapid 

change in radiation that is unconfounded by issues of cloud edge scattering and variable 
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illumination. Chapter 3 exploits the 2017 North American solar eclipse to investigate the 

impacts of illumination level on spectral indices in the absence of accompanying changes in 

illumination direction. The eclipse serves as a light-manipulation experiment at the scale of a 

whole forest canopy.  

This paper addresses the following research objectives: 

i) To determine the responses in environmental conditions and vegetation to the eclipse and 

other changes in illumination throughout the study period, 

ii)  to determine whether the physiologically related spectral indices SIF and PRI respond to 

dimming-induced changes in vegetation both during the eclipse, and when variations in 

illumination are accompanied by changes in illumination geometry, 

iii)  to determine whether spectral indices that are used to estimate canopy structure and leaf 

biochemistry are stable under varying illumination levels resulting from the eclipse, 

sunrise-sunset, and cloudiness, and 

iv) to explore the variability in spectral indices resulting from canopy spatial variability and 

sky condition. 

1.4.3. Chapter 4: Daily leaf area index from photosynthetically active 

radiation for long term records of canopy structure and leaf phenology 

Spectral indices, including PRI and SIF are impacted not only by leaf physiology, but also by 

both canopy structure, and canopy chlorophyll content. It is difficult to account for the impacts 

of each as canopy structure and leaf chemistry change independently and simultaneously 

throughout the growing season. Accurate measurements of both are thus needed to better 

characterize the impacts of structure and chemistry on spectral indices. It is challenging to 

develop a robust time series of canopy structural measurements due to the manual operation of 

commercial LAI meters. Chapter 4 evaluates four methods to automate measurement of canopy 

structure (specifically leaf area index, LAI) using attenuation of photosynthetically active 

radiation (PAR) through the vegetation canopy. All four methods improve upon manual 

measurements from handheld commercial instruments as they permit assessment of daily 

changes in LAI over long time series from historic measurement records. While the motivation 
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for this work was to help quantify the influence of canopy structure on SIF and PRI, the results 

have broad implications for applications including satellite product validation, phenology 

process modelling, assessing the impacts of global change on phenology and greening, and 

improved representation of canopy structure in models of the terrestrial biosphere. 

The specific objectives assessed in this paper are to: 

i) explore the feasibility of deriving LAI from a long-term PAR dataset,  

ii)  compare LAI measurements from PAR to those from independent records derived 

from the MODIS Land Products Fixed Sites Subsetting and Visualization tool at the 

Oak Ridge National Laboratory Distributed Active Archive Centre (Myneni et al., 

2015; ORNL DAAC, 2018) and from reference measurements collected with a LAI -

2000 instrument, and  

iii)  explore differences in phenology metrics between the resulting datasets.  

 

1.4.4. Chapter 5: Temporal covariation between spectral indices, leaf 

traits, and fluxes of CO2 at the Borden Forest 

Chapter 5 presents a comprehensive suite of field measurements at the Borden Forest site over 

three growing seasons in comparison with SIF and PRI. The chapter compares leaf level 

measurements of chlorophyll and carotenoid content, photosynthetic capacity (Vcmax, Jmax), leaf 

reflectance, LAI (from Chapter 4), and ecosystem fluxes of CO2 partitioned to photosynthesis 

and respiration, to canopy spectral measurements. This work explores the temporal covariation 

in SIF, PRI and the environmental causes of variability in gross ecosystem productivity (GEP), 

as well as quantitative relationships between GEP and spectral indices, in an attempt to assess 

the complementarity between SIF and PRI for GEP estimation. 

The specific objectives of this chapter were to: 

i) characterize the variability in leaf traits and chemistry throughout the growing season.  

ii)  examine the strength of the PRI response to light stress at leaf scale throughout the 

growing season 
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iii)  assess temporal covariation in SIF, PRI and environmental causes for changes in GEP at 

canopy scale, and 

iv) investigate the quantitative relationships between GEP and spectral indices 

1.4.5. Chapter 6: Summary of this thesis and future research directions 

Chapter 6 summarizes the main findings of this thesis and presents general conclusions. The 

chapter describes how remote sensing can contribute to improving monitoring and mapping of 

terrestrial photosynthesis, improve modelling and support monitoring the land surface 

interaction with global climate change. Topics for future research arising from the results 

presented in this thesis are further discussed. 
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Chapter 2 
Land cover and latitude affect the phenology of solar induced 

fluorescence in the Province of Ontario, Canada 

 

2.1. Abstract 

Aim:  Land use decisions directly affect the terrestrial carbon balance by changing the quantity 

and type of vegetation present. However, such consequences are difficult for decisionmakers to 

account for in environmental impact assessments. Solar induced chlorophyll fluorescence (SIF) 

measured from satellite closely relates to gross primary productivity of terrestrial vegetation and 

presents a new source of information from which to assess environmental impacts of land use 

decisions. We assess the usefulness of SIF measurements in accounting for changes in 

vegetation primary productivity due to land use change. 

Location: Ontario, Canada 

Taxon: Plants. 

Methods: We use a weighted double logistic regression based on the land cover mixture within 

SIF measurements from The TROPOspheric Monitoring Instrument (TROPOMI)  to separate 

SIF phenology by land cover for the region of Ontario, Canada. We use SIF integrated annually 

to determine, in relative units, the consequences of land use change on photosynthetic carbon 

uptake for the study region. Finally, we apply a linear relationship between SIF and GPP to map 

GPP at a spatial resolution of 30m across the province of Ontario. 

Results: We find that SIF tracks expected biogeographical patterns of productivity: urban areas 

exhibit an earlier start of the growing season, lower SIF magnitude and later end of season than 

natural land cover classes, whereas croplands exhibit a later start of season. Patterns of SIF 

phenology and magnitude show land cover transitions from Broadleaf Deciduous Forests to 

croplands or urban environments to have the highest impacts on carbon uptake. 
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Main Conclusion: Satellite-based SIF measurements are useful in exploring the geographic 

variation of vegetation productivity and can support inclusion of carbon accounting in 

environmental assessment at regional scale. 

2.2. Introduction 

Spatially continuous mapping and monitoring of gross primary productivity (GPP), the 

photosynthetic carbon flux, is a high priority for predicting the response and feedbacks of 

terrestrial ecosystems to global climate change (Peng et al., 2021). Solar induced fluorescence 

(SIF) has shown a tight, near universal relationship with GPP at large spatial and long temporal 

scales (Frankenberg et al., 2011; Joiner et al., 2011; Li and Xiao, 2022; Sun et al., 2017), and 

shows promise as a direct proxy for GPP that can be detected from space. The ability to detect 

SIF from space thus stands to change how GPP is monitored across the earthôs terrestrial land 

surface. However, spaceborne SIF measurements are available at relatively low spatial 

resolution compared to the spatial scale of variation in GPP and land use management across the 

Earthôs surface. In this study, we explore the usefulness of satellite-based SIF in assessing 

biogeographical variation in GPP at a regional scale across the province of Ontario, Canada 

through use of The North American Land Change Monitoring System 30m land cover dataset 

(Latifovic et al., 2012). Such mapping of GPP can support quantitative assessment of the carbon 

impacts of land use management decisions that affect the carbon uptake of the land surface, such 

as natural climate solutions, agricultural intensification, and development. 

There remain open questions as to the mechanism responsible for the linearization of the 

relationship between GPP and SIF across scales. For instance, at higher temporal and spatial 

resolutions, correlation between GPP and SIF weakens (Nichol et al., 2019), view-illumination 

geometry impacts SIF as observed from satellite due to bidirectional reflectance effects (Hao et 

al., 2021; He et al., 2017), and SIF variability has also been linked to vegetation structure (leaf 

area index (LAI) and leaf angle distribution), and leaf chlorophyll content, both of which can 

vary by land cover type (Verrelst et al., 2015). Nonetheless, the broadly linear relationships 

between satellite-based SIF and GPP permit exploration of applications of this new technology 

to assessing the terrestrial carbon balance. Such studies have revealed the impacts of flooding on 

cropland carbon uptake (Yin et al., 2020), evidence of a dry-season increase in photosynthesis in 
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the Amazon forest (Doughty et al., 2019), and distinct phenologies of different ecosystem types 

across California (Turner et al., 2020).  

In this study, we apply SIF as a proxy of GPP to assess the impacts of land use change on the 

regional carbon balance over the Canadian province of Ontario. The province of Ontario has 

undergone urban intensification and expansion in the southern region, as well as intense 

agricultural production. Southern Ontario land cover was historically comprised of Temperate 

Deciduous Forest (Ramankutty and Foley, 1999, fig. 2; Ritchie, 1987). However, today southern 

Ontario is predominantly agricultural, and urban (Figure 2-1). These changes impact the 

terrestrial carbon budget for the region; however, predicting the regionôs response to future 

climate change becomes difficult as further changes to vegetation cover resulting from changing 

land use are difficult to predict. To address these challenges, in 2017, the province of Ontario 

announced the development of a Land Use Carbon Inventory in order to ñassess the potential of 

agriculture, forestry and other land uses, such as wetlands and grasslands to emit, remove and 

store carbonò (Ontario Ministry of Natural Resources and Forestry, 2017). However, to date, 

such an inventory has not been developed. 

In this study, we examine the utility of satellite-based SIF in assessing the impacts of land use 

change on carbon uptake through photosynthesis. We use the high spatial resolution NALCMS 

land cover dataset to determine the land cover classes within SIF measurement footprints across 

the Province of Ontario. This approach enables nuanced assessment of how land cover affects 

SIF phenology. In turn, using SIF as a proxy for GPP informs how land use decisions can affect 

terrestrial ecosystem carbon balance through changes in the length of the growing season, and 

photosynthetic intensity.  

Specifically, we ask: 

i) Does SIF phenology and magnitude track expected biogeographic variation due to land 

cover? 

ii)  Does SIF phenology and magnitude track expected biogeographic variations due to 

latitude? 

iii)  Given the tight linkage between GPP and SIF, how is carbon uptake impacted by land 

use change? 
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We anticipated that high latitude environments would see delayed start of growing season and 

short growing season length, but these latitude-driven patterns would differ among land cover 

types. We anticipated an urban heat island effect to lengthen growing seasons in built up 

environments. Lastly, we anticipated different carbon uptake capacity of land cover types to be 

apparent in examining differences in the annual magnitude and timing of SIF emissions. 

2.3. Methods 

2.3.1. Study region 

We limit our analysis to the bounding extent of the province of Ontario, Canada, thus including 

part of the northern United States, i.e., the rectangular region between -74.34 and -95.16 degrees 

longitude, and 41.66 and 56.86 degrees latitude (Figure 2-1). The Southern Ontario region is 

highly populated, and heavily utilized for agricultural production. The Northern US regions 

falling within the boundaries of the study area include broadleaf forest vegetation that occur 

only in small amounts within southern Ontario and are thus included as a proxy for the expected 

natural vegetation within the Southern Ontario region. The northern portions of the province of 

Ontario are sparsely populated and dominated by boreal and subarctic vegetation.  

This study region is sufficiently expansive that it allows for analysis of land use change impacts 

over a large range in land cover and land uses. However, limiting the analysis to this subregion 

of North America limits the effects of within-class variability on the analysis results, as well as 

the impacts of topography which heavily influence the biogeography of North America (Ritchie, 

1987). For instance, it is not reasonable to consider the highly productive coniferous forests of 

the pacific northwest to function similarly to the stunted black spruce forests of the boreal zone, 

but these disparate forest types are not separated in most land cover datasets available at 

continental scale. We thus limit the analysis to the smaller subregion over which within class 

variability is minimal. 

The focus on the province of Ontario also provides information of direct relevance to Ontarioôs 

Environment plan which aims to address climate change, and protect the provinceôs air, land and 

water (Ontario Ministry of the Environment Conservation and Parks, 2018).  
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2.3.2. Land cover dataset 

We use the North American Land Change Monitoring System (NALCMS) 30m, 2015 version 2 

dataset based on Landsat and RapidEye imagery for this study (Latifovic et al., 2012). The 

NALCMS products provide continent-wide land cover data at 30m spatial resolution using a 

consistent standard through a collaborative effort between Canadian, United States, and 

Mexican government agencies (Latifovic et al., 2012). Through this program, land cover and 

land cover change are assessed every 5 years through a cooperative partnership between Natural 

Resources Canada, United States Geological Survey (USGS), Comisión Nacional para el 

Conocimiento y Uso de la Biodiversidad (CONABIO), Comisión Nacional Forestal 

(CONAFOR), and Instituto Nacional de Estadística y Geografía (INEGI), and supported by the 

Commission for Environmental Cooperation (CEC) (Latifovic et al., 2012).  

This dataset was ideal for this study due to the consistency in classification scheme between 

Ontario and the northern United States, and high spatial resolution compared to other land cover 

datasets such as the MODIS land cover dataset at 500m (Friedl and Sulla-Menashe, 2019). 

While newly released global land cover datasets at 10m resolution are now available based on 

Sentinel-2 imagery (e.g., ESAôs WorldCover, and Esriôs 2020 Land Cover datasets), they 

include fewer land use/land cover classes, for instance, mixing all forest types into a single class 

(Karra et al., 2021). Due to this limitation, we opted for use of the NALCMS dataset for this 

analysis but note that the study could be extended globally using these new global high 

resolution land cover products. 
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Figure 2-1 A) Map of the study area, and NALCMS 30m dataset. B) Region near the Borden Forest Research 
Station AmeriFlux tower, with landcover classes from the MODIS MCD12Q1 Land cover dataset for 2018. C) Region 
near the Borden Forest Research Station AmeriFlux tower with land cover indicated using the NALCMS dataset.  

2.3.3. Satellite SIF dataset 

We used SIF measurements retrieved from the Tropospheric Monitoring Instrument 

(TROPOMI) on the Sentinel-5 Precursor (S-5P) satellite, as derived by Köhler et al. (2018). 

These data were obtained from (ftp://fluo.gps.caltech.edu/data/tropomi/). TROPOMI SIF has 

advantages over previous Satellite SIF datasets in that it provides measurements with footprint 

size of 7km by 3.5 km at nadir, with near daily global coverage. In contrast, OCO-2 and 

GOSAT provide limited spatial coverage, whereas GOME-2 and SCIAMACHY footprint sizes 

are large (40 x 40km, and 30 x 60km, respectively) (Köhler et al., 2018).  

ftp://fluo.gps.caltech.edu/data/tropomi/
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2.3.4. Geoprocessing procedure 

TROPOMI SIF data were obtained for 2018, the first full year of TROPOMI operation, as daily 

NetCDF files. Each NetCDF file was read using the RNetCDF package (Michna and Woods, 

2020) within the R statistical computing language (R Core Team, 2020) and subset to 

measurements falling within the bounding box containing the province of Ontario, Canada (i.e., 

measurements with center coordinates between -74.34 and -95.16 degrees longitude, and 41.66 

and 56.86 degrees latitude). Corner coordinates were used to convert each SIF measurement to a 

polygon feature within R using the sp package for spatial data (Bivand et al., 2013; Pebesma and 

Bivand, 2005), and the R-ArcGIS bridge (Esri, 2021). 

Using ArcPy within the Python 3 programming language, the polygon feature classes were then 

projected to the Lambert Azimuthal Equal Area projection, to match the NALCMS 2015 Land 

Cover Dataset. We then used the ArcPy function Tabulate Area, to determine the area of each 

land cover type from the NACLMS land cover dataset falling within the boundaries of each SIF 

polygon. Areas of each land cover class were computed in square meters and joined to each SIF 

feature class. The daily files were merged into a single polygon feature class for subsequent 

analysis. 

2.3.5. Statistical analysis 

Further statistical analysis was achieved within R using the R-ArcGIS bridge.  

SIF measurements were separated into 30 latitudinal zones using the cut function in R. For each 

pair of latitude zone and land cover class, phenological parameters were then determined by 

using the nls function in R to fit the model of Gonsamo et al. (2013b): 

 ὛὍὊ ‌
‌

ρ Ὡ

‌

ρ Ὡ
 Equation 2-1 

Here, DOY is the day of year, ‌ ‌ is the amplitude between the early summer plateau and 

background, ‌ ‌ is the amplitude between the late summer plateau and winter-season 

background, ‏ and ‏ are normalized slope coefficients for spring and fall, respectively, and ‍ 

and ‍ are the midpoints in day of year of the green-up and senescence transitions, respectively. 
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Measurements were weighted by the proportion of the area of the SIF measurement footprint 

overlapping the land cover of interest. This more heavily weights pure pixels, while not fully 

excluding observations where only a portion of the measurement footprint included the land 

cover of interest. This approach does not fully eliminate interference of other cover types in 

assessing the land cover of interest. Thus, in order to minimize the impact of the SIF phenology 

of other land cover classes in the regression results, measurements were only included if they 

were comprised of >65% of the land cover class of interest. 

From the phenological regressions, start of season (SOS) and end of season (EOS) were then 

calculated for each land cover type and latitudinal zone as: ὛὕὛ‍
Ȣ

 and ὉὕὛ‍

Ȣ
 respectively. 

2.3.6. Mapping phenology based on land cover and latitude 

In order to determine the spatial variability in SIF phenology, linear regressions were calculated 

to predict SOS as a function of latitude for each land cover. 

Linear regression models were used to calculate a new raster dataset from latitude and land 

cover to explore spatial patterns in SIF start of season using the R package raster (Hijmans, 

2020). This was achieved by using the reclassify function to create a Boolean layer for Urban, 

Natural, and Crop environments, then applying the results of a linear regression between Start of 

Season and latitude to each land cover type using the overlay function in the raster package. 

2.3.7. Assessment of carbon consequences of land use changes from 

SIF 

Previous studies have demonstrated a close relationship between SIF and GPP (Frankenberg et 

al., 2011; Joiner et al., 2011; Sun et al., 2017). Li and Xiao (2022) further demonstrate that the 

GPP-SIF relationship is largely consistent irrespective of land cover across North America. We 

thus consider variability in SIF to indicate relative differences in GPP. This in turn allows the 



 

22 

assessment of relative differences in the gross annual photosynthetic carbon uptake as the 

integral of SIF measurements throughout the year: 

 ὅόάόὰὥὸὭὺὩ ὃὲὲόὥὰ Ὃὖὖ θ  ὛὍὊ  

Equation 2-2 

 

We thus compare the integrals of the nonlinear regression models for each land cover type 

within each latitudinal zone to approximate the relative carbon consequences of land use 

conversions between classes while accounting for both changes in SIF magnitude, and length of 

growing season. 

We further use the linear relationships between SIF and GPP reported by Li and Xiao (2022) to 

map GPP across the province of Ontario, using the typical phenology of SIF determined by land 

cover and latitude: 

 

ὋὖὖρσȢυ ὛὍὊ Ὢέὶ άέίὸ ὰὥὲὨ ὧέὺὩὶ ὧὰὥίίὩί 

ὋὖὖρυȢυ ὛὍὊ Ὢέὶ ὧὶέὴὰὥὲὨ 

Equation 2-3 

2.4. Results 

Plotting SIF over time without accounting for land cover shows an apparent ódouble peakô in 

SIF phenology. However, separating the SIF measurements by their predominant land cover 

reveals that this double peak is explained by different phenologies of land cover types within the 

study region. Specifically, the first peak in SIF occurs due to early green up of broadleaf forests, 

whereas the second peak occurs due to the later peak in agricultural systems. Overall SIF 

magnitudes are impacted by latitude. For the same land cover type on the same day of year, the 

magnitude of SIF measurements is lower at high latitudes (Figure 2-2).  
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Figure 2-2 TROPOMI SIF measurements with central coordinates falling within the study area and separated by 
majority land cover class within the measurement footprint. Measurements primarily comprised of water are not 
shown. No data were available between February 18 and March 7, 2018. 

 

Figure 2-3 TROPOMI SIF measurements (points) for the latitudinal zone from 42.7 to 43.2 degrees north. Lines 
indicate nonlinear regression of phenological curve for selected land cover classes. No data were available between 
February 18 and March 7, 2018. 
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Nonlinear regression using Equation 2-1 reveals distinct patterns of green-up and green-down 

that differ amongst land cover types. While overall SIF phenology appears as a double peak, 

separating SIF measurements by predominant land cover type reveals that the early peak 

originates from natural ecosystems, and the second peak results from the later green-up of 

croplands that respond to when planting occurs rather than directly to environmental 

phenomena. 

For each land cover type in each latitude zone, we further examined how SOS and EOS dates 

differ by land cover type and by latitude (Figure 2-4). Urban areas show a clear heat island 

effect through an earlier SOS and later EOS as compared to other land cover types at the same 

latitudes. Croplands show later SOS with a reversal in the relationship between SOS date and 

latitude: the most northern croplands had earliest SOS dates. This contrasts with general 

expectations that northern environments should experience later SOS, and likely results from a 

longer duration for crops to mature in northern environments, and a higher mixture of perennial 

forage and pasture within the cropland land cover class at higher latitudes. 
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Figure 2-4 Start of Season and End of Season calculated from SIF Phenological Curves for each land cover in each 
latitudinal zone. There a clear impact of both land cover and latitude on Start of Season. End of Season in urban/built 
areas is delayed compared to other land covers at the same latitudes. SIF End of Season date was unrelated to 
latitude throughout the study region. However, urban and built-up areas tend to have a later end of season date than 
vegetated areas at similar latitudes. 
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Table 2-1 Linear regression to predict SOS by day of year from latitude for cropland, urban and natural environments 
in the study region. 

  Cropland Urban Natural  All  

Predictors Estimates p Estimates p Estimates p Estimates p 

Intercept  

(DOY) 
220.30 <0.001 15.95 0.338 -11.79 0.300 22.87 0.061 

Latitudes 

(DOY/°N) 
-1.36 0.029 2.56 <0.001 3.42 <0.001 2.75 <0.001 

Observations 13 8 92 132 

R2 / R2 adjusted 0.363 / 0.305 0.899 / 0.882 0.718 / 0.715 0.485 / 0.482 

 

 

 

Figure 2-5 Map of SOS dates determined from the linear regressions in Table 2-1, land cover types, and latitude. 
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An urban heat island effect is clear in the SIF datasets, and the phenological pattern indicates an 

earlier start of season and later end of season, leading to an overall increase in growing season 

length in these areas. However, SIF values are much lower overall than surrounding more 

vegetated countryside. Nonetheless urban areas at all latitudes have the smallest annually 

integrated SIF among all land cover classes except water, suggesting that urban areas have lower 

productivity and thus lower CO2 uptake than other land cover types.  

 

Figure 2-6 Integral of SIF phenological curve determined through nonlinear regression using Equation 2-1. Since SIF 
relates closely to GPP, the length of horizontal arrows indicates the relative loss of carbon uptake resulting from land 
cover conversions (e.g., from broadleaf deciduous forest to urban) at each latitude.  

The pattern of SIF integral shows a clear relationship with latitude, with more northern areas 

having lower overall values of SIF and thus lower GPP or carbon uptake. This matches 

expectations that regions with lower light availability and shorter growing seasons would have 

lower GPP. However, the results emphasize how the expected benefit of natural climate 

solutions, such as tree planting, would vary with latitude and land cover type ï these results 

suggest that tree planting and rewilding initiatives in Ontario are likely to have the most benefit 

to carbon uptake in the southernmost regions dominated by human land uses. However, 

available land in southern Ontario is scarce, as much of the region is undergoing rapid urban 

expansion and is heavily utilized for agricultural production. Conversions of natural land cover 

classes to urban and built up have large impacts on GPP in the southernmost regions 
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Figure 2-7 Annual expected GPP mapped from latitudinal variation in SIF phenology for each land cover class. This 
allows high spatial resolution (30m) assessment of GPP across Ontarioôs land surface. Terrestrial regions shown in 
black were fit poorly by the phenology model and are in turn excluded from the GPP calculation. 

Mapping GPP shows the impact of land use, land cover and latitude and on carbon uptake. A 

general pattern of higher GPP in southernmost regions is apparent; however, the most 

productive regions in the study area are broadleaf deciduous forests of upstate New York and 

Michigan. Ontario has retained relatively little broadleaf forest, due to high use of the land 

surface for agriculture, which has much lower GPP. Furthermore, urban areas are significantly 

less productive despite their extended growing seasons. The low productivity of urban areas 

likely results from low vegetation density in these regions. These findings therefore suggest that 

increasing vegetation density may be most effective at improving carbon uptake in urban 

environments. 
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2.5. Discussion 

We examined the phenology of SIF separated by land cover and latitude in order to explore how 

SIF reflects biogeographical variation in GPP, and how it could be used to support assessment 

of land use change consequences on CO2 exchange. 

2.5.1. Land cover, land use, and SIF phenology 

We find a strong dependence of phenological metrics derived from SIF on the mixture of land 

cover classes falling within SIF measurement footprints. This is consistent with other studies 

that have investigated how vegetation type influences SIF variability. For instance, C. Wang et 

al. (2020) determined that spatiotemporal patterns of SIF yield (i.e., SIF/APAR) varied between 

different crop types, primarily due to variation in escape fraction. These differences also explain 

the improvements in the relationship between SIF and GPP seen through spatial downscaling 

schemes. For instance, Duveiller and Cescatti (2016) report improved correlation with GPP 

through downscaling of GOME-2 SIF observations, and particularly when vegetation type is 

accounted for. X. Wang et al. (2020) explored the reasons for patterns of global asynchrony in 

NDVI, SIF, and vegetation optical depth (VOD) phenology, finding SIF to best correlate with 

end of season GPP, whereas NDVI and VOD EOS tend to extend beyond the end of the carbon 

uptake period across global biomes. Turner et al. (2020) noted a double peak in TROPOMI SIF 

phenology due to asynchrony of grasses, chapparal, and oak savanna ecosystems with the 

evergreen forests present in the study region spanning the state of California, USA. This double-

peak pattern is similar to the differing SIF phenology of forest and cropland systems observed in 

the present study.  

While the effects of latitude and urban heat enhancement on the phenology of terrestrial 

vegetation are already well studied, relatively few have investigated these effects in the context 

of SIF phenology. The urban heat island effect we report in the present study is consistent with 

the results of S. Wang et al. (2019), who report an urban-rural gradient in phenology metrics 

derived from OCO-2 SIF measurements over the Northern Hemisphere. The urban-rural 

differences in SIF phenology also largely match the urban-rural differences in phenology 

metrics derived from Landsat surface reflectance (Zipper et al., 2016). Although we report 
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extended growing season in urban areas, the low SIF magnitudes in these regions suggest low 

GPP. This is expected due to the high proportion of unvegetated surfaces in urban and suburban 

areas.  

Overall, we find that the phenology and magnitude of the SIF signal largely respond to expected 

biogeographic patterns across the province of Ontario. This shows that SIF holds promise for 

assessing biogeographic variation in phenology at regional scales and provides information of 

use for environmental assessment and land use planning. 

2.5.2. SIF for exploring impacts of land cover and land use on carbon 

uptake 

Land cover classes are divided largely based on the type and extent of vegetation. Different 

plant types and thus resulting land cover classes inherently differ in LAI, GPP, and their 

phenology, with substantial impacts on climate (Lawrence and Chase, 2010, 2007). 

Modification of land cover due to agricultural and urban land use is extensive. Ramankutty and 

Foley (1999) made a first attempt to map the historical conversion of natural ecosystems to 

cropland and tally the losses of natural lands. Ramankutty et al. (2008) subsequently report that 

more than one third of the earthôs ice-free land surface has been converted to agriculture. These 

shifts have substantial impacts for the carbon budget, and climate, with land use change 

accounting for a net emission of 1.6 Gt of Carbon in the 2020 Global Carbon Budget 

(Friedlingstein et al., 2020).  

Given the tight relationship between SIF and GPP, our results suggest that examination of SIF 

phenology by land cover class provides useful information in assessing the impact of land cover 

change and land use on the terrestrial carbon budget. These differences in phenology may be 

useful for predicting and monitoring the carbon uptake impacts of natural climate solutions such 

as reforestation, rewilding, and tree planting initiatives (Griscom et al., 2017).  

Furthermore, as the spatiotemporal resolution in SIF datasets increases, shifts in the temporal 

signature of SIF phenology may be useful for detecting change in the land surface, which may 

occur due to disturbance, invasion by alien species, changes in land use, or responses to global 

climate change. This study provides a framework for applying SIF measurements to support 
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sustainable land use decisions at municipal and regional scales. As a next step we plan to extend 

the methods used in this study across Canada and North America, while incorporating further 

information on crop type for agricultural land use classes. 

The results of our analysis agree broadly with Canada-wide assessments of primary 

productivity. Both Liu et al. (2002) and Gonsamo et al. (2013a) report estimates of NPP across 

Canadaôs land mass using the Boreal Ecosystem Productivity Simulator (BEPS, Liu et al., 1997) 

driven with remote sensing inputs at 1km and 250m spatial resolution, respectively. Though 

these analyses focus on net rather than gross primary productivity, broad agreement of our 

results with these model-based studies is apparent. Both studies report high productivity in 

deciduous forest regions, followed by coniferous forests, and croplands, and low productivity in 

shrub, grass, and urban environments. While our results suggest much lower productivity in 

coniferous forests than these earlier studies, this difference is likely due to the diversity of 

coniferous forest ecosystems across the entirety of Canada which includes the highly productive 

coastal forests of the pacific northwest. By contrast, the coniferous forests in this study, limited 

to the Province of Ontario, are include less productive conifer plantations and boreal forests 

explaining the lower productivity relative to other land cover classes. The convergence of the 

SIF based results with these model-based studies supports the broad usefulness of SIF datasets 

in environmental management and carbon accounting, allowing us to map GPP at a spatial 

resolution of 30m across the entirety of the province of Ontario. Ecosystem models require 

accurate input datasets, technical knowledge, and understanding of the model function in order 

to generate estimates of carbon fluxes. Our analysis in this study generated a high-resolution 

map (30m) of GPP from a single satellite-based SIF dataset and a routinely generated land cover 

classification, producing results in broad agreement with ecosystem models.  

2.5.3. Usefulness of high-resolution land cover datasets in interpreting 

SIF variability, and opportunities for further research 

Measurement footprint size of SIF datasets is still relatively large, and many SIF measurements 

will be influenced by an area that can incorporate several disparate land cover classes. This can 

often result in an observed bimodal phenological pattern as two peaks in vegetation productivity 

may occur at different times in differing vegetation types. For instance, crop phenology is 
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determined largely by the timing of planting, and its peak growth is typically delayed compared 

to surrounding ecosystems. This results in two peaks in SIF over the growing season ï one as 

natural ecosystems reach maturity, and a second as crops mature later in the growing season. 

The NALCMS land cover dataset allowed investigation of sub-pixel land cover mixtures and 

their impact on SIF variability. Our results highlight the necessity of high spatial resolution land 

cover datasets in interpretation of SIF dynamics over regional scales. The 30m spatial resolution 

of the NALCMS dataset is ideal for this purpose as much of the forested area in Southern 

Ontario is small and surrounded by agriculture. These regions appear as cropland or savanna in 

lower resolution global datasets such as the MODIS MCD12Q1 dataset as shown in Fig. 1b. The 

NALCMS dataset provides high resolution land cover using consistent methodology across all 

of North America; thus, future work will involve extending this study across the continent. 

However, the analysis presented in this study, and extensions to broader geographic ranges, 

would benefit from enhanced granularity of land cover types. For instance, wetlands in Ontario 

range in type from coastal Typha marsh ecosystems, to beaver ponds, and sphagnum dominated 

bogs and fens. Typha systems in Ontario are also undergoing invasion by Phragmites australis, 

a species with a distinct phenology as compared to the dominant Typha. Differences in 

phenology may thus occur within single land cover classes (e.g., wetland), due to differing sub-

class, or due to shifting species composition as a result of invasion. We also note differences 

between our results and Canada-wide analyses of primary productivity, likely owing to the 

inclusion of diverse coniferous forest types in  a single land cover class in national scale studies. 

These challenges could be overcome by including consideration of both land cover class and 

ecoregion in the analysis (Commission for Environmental Cooperation, 1997).  

Differences between crops may also exist within the ñcroplandò land cover type. For example, 

Ontario hayfields are dominated by perennial grasses which are cut, dried, and baled for use as 

animal feed. However much of the agricultural land in Ontario consists of planted crops 

including corn, soy, and wheat which are seeded and harvested annually on a crop rotation 

schedule and thus may vary from year to year. The authors plan to extend the analysis presented 

here to a cross-Canada assessment of SIF phenology for agricultural types identified in the 

Agriculture and Agri-food Canada annual crop inventory (Agriculture and Agri-Food Canada, 

2020) ï a 30m raster dataset derived from Landsat-8, Sentinel-2 and RADARSAT-2 showing 
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crop type for each year between 2009 and 2019 for agriculturally productive regions in Southern 

Canada. 

In this study, we focus primarily on relative differences in SIF magnitude and consider these 

differences to be indicative of variations in GPP. However, much effort is currently being 

dedicated towards understanding the covariation of SIF and GPP. Generally linear relationships 

have been reported between SIF and GPP at large spatial, and long temporal scales, and the 

slope of these relationships has been shown to vary little among land cover types (with the 

largest differences explained by differences between C3 and C4 vegetation, and differences in 

the variation of photosynthesis and fluorescence during drought) (Li and Xiao, 2022). Such 

relationships permit us to map how GPP varies with land cover and latitude, to support 

assessment of carbon consequences of environmental management decisions. Nonetheless, it is 

important to note that these spatial patterns are generalized across land cover classes in this 

analysis and would thus omit any variation within a class, such as dynamics related to edge 

effects in forests (Morreale et al., 2021), or assessment of how spatial patterns of drought impact 

productivity of a particular land cover type. High spatiotemporal resolution SIF datasets are thus 

of high importance in photosynthesis research, including SIF products based on surface 

reflectance and machine learning (e.g., GOSIF, Li and Xiao, 2019; CSIF, Y. Zhang et al., 2018), 

spatial downscaling approaches (Duveiller and Cescatti, 2016; Turner et al., 2020), and new 

dedicated SIF observing satellite systems (e.g., the FLEX explorer, 300m x 300m). Nonetheless, 

the approach presented in this study provides a map of annual GPP derived from SIF at a much 

higher, 30m, resolution than has yet been achieved through these alternative approaches. This 

highly detailed dataset holds information of relevance to assessing land use conversions that 

may occur at regional scales.  

2.6. Conclusions 

We investigated the usefulness of TROPOMI SIF in assessing the phenology and magnitude of 

carbon uptake through its ability to track expected biogeographic variation resulting from land 

cover and latitude. Our results emphasize that SIF measurements from TROPOMI are 

influenced by the land cover mixture within measurement footprints, assessed using the high 

spatial resolution NALCMS dataset. Accounting for the mixture of land cover types in each SIF 
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measurement shows that SIF phenology follows expected patterns related to latitude, urban heat 

island effects, and land use for agriculture. 

Since SIF relates closely to GPP, assessment of differences in SIF phenology amongst land 

cover types indicates how GPP responds to land use change at different latitudes. This analysis 

emphasizes that changes in apparent land surface phenology can be caused by changes in land 

use, and these effects are apparent in SIF datasets. This has implications for monitoring the land 

surface response to climate change, as well as success of natural climate solutions in achieving 

carbon uptake. These results have implications for the usefulness of SIF in accounting for 

regional carbon budgets and predicting and monitoring the impacts of natural climate solution 

projects. 

We anticipate that continued iterations of the NALCMS monitoring program, combined with 

continued collection of SIF measurements from TROPOMI and other high resolution SIF 

datasets will result in substantial insights into the carbon costs of land use change.  
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Chapter 3 
The response of spectral vegetation indices and solar induced 

fluorescence to changes in illumination intensity and geometry in 
the days surrounding the 2017 North American Solar Eclipse 

 

This chapter has been published in the Journal of Geophysical Research ï Biogeosciences as: 

Rogers, C. A., Chen, J. M., Zheng, T., Croft, H., Gonsamo, A., Luo, X., & Staebler, R. 

M. (2020). The Response of Spectral Vegetation Indices and Solar Induced Fluorescence 

to Changes in Illumination Intensity and Geometry in the Days Surrounding the 2017 

North American Solar Eclipse. Journal of Geophysical Research: Biogeosciences, 

125(10), 1ï22. https://doi.org/10.1029/2020JG005774 

 

3.1. Key points 

¶ We investigate how illumination affects spectral indices using a solar eclipse as a 

shading experiment at the scale of a forest canopy. 

¶ PRI changes resulted from the 570nm reference band rather than the 531nm band 

associated with xanthophyll pigment interconversions.  

¶ Sensitivity to multiple scattering may confound interpretation of spectral indices in 

assessing vegetation. 

3.2. Abstract 

Remote sensing is a key method for advancing our understanding of global photosynthesis and 

is thus critical to understanding terrestrial carbon uptake and climate change. Increasingly 

sophisticated spectral indices including solar induced florescence (SIF) and the photochemical 

reflectance index (PRI) are considered good proxies of canopy structure, biochemistry and 

physiology. However, the relative influences of illumination intensity and angle on these 

measures are difficult to unravel, particularly at the scale of whole forest canopies. We exploit 

the solar dimming during the 2017 North American solar eclipse as well as a clear day before 
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and cloudy day after the day of the eclipse. This novel approach allows us to assess changes in 

spectral vegetation indices due to illumination intensity independent of changes in illumination 

angle. Physiologically relevant spectral indices were most affected by dimming, with 

illumination level explaining 97% of variability in SIF and 99% of variability in PRI during the 

eclipse. The spectral change in reflectance through the eclipse period reveals that changes in PRI 

are driven by reflectance differences in the 570 nm reference band rather than the 531 nm signal 

band associated with xanthophyll pigment interconversions. This study refines our interpretation 

of vegetation properties from space, with implications for our interpretation of signals related to 

terrestrial photosynthesis derived from sensors spanning a range of illumination conditions and 

angles. 

3.3. Introduction 

Photosynthesis is the largest flux of carbon uptake in nature and plays an important role in 

climate change mitigation (le Quéré et al., 2018). Accurately monitoring changes in terrestrial 

photosynthesis is critical in todayôs era of global change. Remote sensing has made a 

transformative contribution to deriving spatially continuous information on vegetation health 

and leaf biophysical traits that can be used to model photosynthesis at various spatial and 

temporal scales (Ryu et al., 2019; Schimel et al., 2015). Much of this biophysical information is 

derived from spectral indices, simple metrics that exploit spectral band combinations to 

determine a vegetation characteristic of interest (e.g., Normalized Difference Vegetation Index 

(NDVI) (Tucker, 1979)). Spectral vegetation indices are used for their sensitivity to canopy 

structure (Chen and Cihlar, 1996; Froelich et al., 2015; Huete et al., 1994), pigment content 

(with particular attention to chlorophyll) (Blackburn, 2007; Croft et al., 2014a; Croft and Chen, 

2017; Gitelson and Merzlyak, 1997; Sims and Gamon, 2002) or physiological status (Gamon et 

al., 1997; Mohammed et al., 2019; Porcar-Castell et al., 2014). Recent technological advances 

have led to the operational retrieval of solar induced fluorescence (SIF), which has been 

suggested to be a more direct proxy of photosynthesis (Joiner et al., 2011; Magney et al., 

2019a). The usefulness of spectral indices relies on their ability to uniquely respond to a target 

variable rather than confounding factors such as irradiance levels and view-illumination 

geometry. However, many studies report sensitivity of vegetation indices to these confounding 
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variables (Burkart et al., 2015; Leblanc et al., 1997; Morton et al., 2014; Sims et al., 2011; 

Zhang and Roy, 2016). 

Previous research has examined the effects of view-illumination geometry and irradiance level 

on spectral indices related to canopy structure. NDVI tends to decrease at midday under clear 

skies when a higher proportion of the sensor field of view is filled by sunlit vegetation 

(Beneduzzi et al., 2017; Gamon et al., 2006). This results in a positive relationship between 

NDVI and solar zenith angle. However, this relationship is not apparent under cloudy skies 

(Ishihara et al., 2015).  

Separating the effects of illumination level, and view-illumination geometry on spectral index 

values is especially challenging for spectral indices that track fast physiological responses to 

light stress. Under diffuse lighting conditions, (i.e., cloudy skies or high aerosol loading), light 

can penetrate deeper into the canopy, illuminating more leaves. In contrast, under sunny skies a 

smaller number of leaves will be fully sunlit, and these sunlit leaves may receive light exceeding 

their light saturation point. As a result, at canopy scales, diffuse illumination conditions can 

generally increase the light use efficiency of photosynthesis as compared to clear skies (Knohl 

and Baldocchi, 2008; Niyogi et al., 2004). The Photochemical Reflectance Index (PRI) tracks 

light-induced stress (Gamon et al., 1992), and thus shows promise in refining light-use-

efficiency-based estimation of gross primary productivity (GPP) (Drolet et al., 2005; Gamon et 

al., 1997). However, at canopy scales, PRI also varies with shadow fraction (Hall et al., 2011, 

2008; Hilker et al., 2008), which confounds accurate estimation of light use efficiency (LUE) 

(Zhang et al., 2017). Under clear skies, PRI measurements will be comprised of a mixture of 

sunlit leaves that are light saturated and shaded leaves, whereas under cloudy skies the 

measurement will include reduced illumination of top-of-canopy leaves as well as increased 

illumination of lower canopy leaves. Hilker et al., (2008) separated physiological from 

directional effects of light on PRI using a bidirectional reflectance distribution function (BRDF) 

model and an assumption that observations can be grouped by physiological status, which are in 

turn inferred from photosynthetic efficiency and sky conditions. However, this key assumption 

may be violated by the tendency of leaf traits, including the concentration of xanthophyll 

pigments responsible for non-photochemical quenching and the response of PRI to light stress, 

to vary throughout the canopy profile across a light gradient (Scartazza et al., 2016). The leaves 

at each canopy level will be acclimated to differing light conditions and may differ greatly in the 
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amount of light each leaf is receiving relative to its light saturation point. Pigment 

concentrations are known to influence the relationship of PRI to light use efficiency, and this 

gradient in pigments throughout the canopy profile may in turn affect how this relative light 

saturation relates to PRI (Gamon and Berry, 2012). In a modelling study, Barton and North 

(2001) investigated the role of solar and view geometry on PRI, finding a strong sensitivity of 

PRI to view angle. However, assumptions of the modelling approach included a consistent 

relationship between PRI and LUE throughout the canopy. The vertical gradient present in 

xanthophyll pigments (Scartazza et al., 2016) suggests that this assumption is unlikely to be 

realistic. These factors confound interpretation of PRI signals at canopy scales, where light-

manipulation experiments are not possible. We aim to investigate how spectral indices including 

PRI vary with changing illumination level at the scale of a whole forest canopy under field 

conditions,  exploiting the 2017 solar eclipse as a means to separate illumination effects from 

view-illumination geometry effects. We anticipate that the factors described will lead to 

differing relationships between PRI and illumination level under various sky conditions and 

viewing angles. 

SIF has been shown to relate directly to photosynthesis particularly over large spatial extents 

and long temporal scales. Despite the growing body of literature on the relationship between SIF 

and GPP (Frankenberg et al., 2011; Li et al., 2018; Xiao et al., 2019), the mechanism by which 

they relate remains poorly understood. Magney et al. (2019a) determined that seasonal variation 

in photoprotection via xanthophyll cycle activity provides a mechanistic explanation linking 

reduced SIF yield with reduced GPP in dormant winter evergreens. However, the phenology of 

photoprotection differs across plant functional types, and these findings cannot be extended to 

broadleaf species which lose their leaves rather than invest in photoprotection through winter. 

These large variations in canopy structure throughout the growing season lead to variation in the 

fraction of photosynthetically active radiation absorbed (fAPAR) by leaves and chlorophyll, and 

may be a driving mechanism for the tight coupling of GPP and SIF in broadleaf forests 

(Badgley et al., 2017; Magney et al., 2019b). In a sensitivity analysis of the Soil-Canopy 

Observation of Photosynthesis and Energy (SCOPE) model, which simulates the dynamics of 

SIF at canopy scale, leaf inclination angle, leaf area index and total chlorophyll content are the 

most important drivers of SIF variability (Verrelst et al., 2015). Leaf emergence in spring 

significantly precedes development of leaf chlorophyll content and photosynthetic capacity, and 
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both of these decrease with senescence significantly before leaves fall from the tree in autumn 

(Croft et al., 2017, 2014b). This is another mechanism by which GPP may relate closely to SIF 

at seasonal time scales, as the variability in chlorophyll relates the capacity for photosynthesis to 

the SIF resulting from the interaction of light with chlorophyll. However, SIF is also directly 

impacted by view-illumination geometry even when GPP and other physiological factors remain 

constant. This is because the SIF signal is dominated by sunlit leaves whereas the contribution 

of shaded leaves in a sensorôs field of view is small by comparison (Pinto et al., 2016). The 

direction from which the canopy is observed under the same illumination conditions, can thus 

have a strong effect on the SIF signal retrieved. For this reason,  He et al., (2017) propose a 

correction to account for angular effects in SIF data retrieved from the Global Ozone Monitoring 

Experiment (GOME)-2. In the current study, we examine the variability of SIF with changes in 

PAR induced by diurnal variation under clear skies, a solar eclipse, and dimming due to 

cloudiness. This enables assessment of whether the response of SIF to PAR is consistent across 

varying view-illumination conditions that could impact the SIF signal. SIF yield, calculated as 

the ratio of the SIF signal to incident PAR is also evaluated since, unlike other spectral indices 

that are reflectance-based and thus control for variability in illumination, SIF variability on a 

diurnal timescale is primarily driven by changes in illumination. Evaluating SIF yield indicates 

the efficiency with which vegetation fluoresces the illumination it absorbs, while controlling for 

illumination variability. 

The near infrared reflectance of vegetation (NIRv) is gaining attention for its ability to track both 

SIF and GPP (Badgley et al., 2017). NIRv is highly coupled with SIF at global scales, yet its 

simple formulation as the product of NDVI and either near infrared reflectance or reflected near 

infrared radiance allows for study at higher spatial resolutions compared to the course 

resolutions available for SIF. A distinction between NIRv formulations (i.e., reflectance- or 

radiance-based) warrants some mention. While calculating NIRv as the product of NDVI and 

near infrared reflectance accounts for incident radiation, calculating NIRv as the product of 

NDVI and total near infrared radiance will instead vary with incident light. The latter has been 

shown to track GPP and photosynthetic capacity in proximal studies (Baldocchi et al., 2020; Wu 

et al., 2020). Relatively few studies have investigated view-angle effects on NIRv, though in 

simulations using the SCOPE model Wang et al., (2020) find that both NIRv and SIF vary 

similarly with viewing angle. Thus, NIRv can be used to correct satellite derived SIF for angular 
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and canopy structural effects in relating SIF measurements from the orbiting carbon observatory 

(OCO)-2 to GPP derived from flux tower data. We extend our study to investigate illumination 

and view-angle effects on reflectance-based NIRv. In this study we examine the variability of 

SIF with changes in PAR induced by diurnal variation under clear skies, a solar eclipse, and 

dimming due to cloudiness. This enables assessment of whether the response of SIF to PAR is 

consistent across varying view-illumination conditions that could impact the SIF signal. 

Angular effects are not limited to the spectral indices discussed thus far. View angle impacts on 

spectral indices occur due to a variety of causes, including variation in the contribution of sunlit 

and shaded leaves to the signal observed by a sensor, as well as differences in the leaf level 

reflectance of sunlit and shaded leaves. We thus add to our analysis an index, intended for leaf 

chlorophyll content estimation (Maccioni et al., 2001), that has been shown to perform best for 

measuring chlorophyll content at canopy scale for a broadleaf forest in a comparison amongst 47 

spectral indices (Croft et al., 2014a). We also include in our analysis the enhanced vegetation 

index (EVI) as an alternative for comparison to the widely used NDVI. EVI has improved 

sensitivity in areas with high biomass, and a reduced sensitivity to both atmospheric and soil 

background effects (Huete et al., 2002). Although the atmospheric effects are unimportant at 

proximal scale, other differences between EVI and NDVI may result. For instance, in a study 

examining the impacts of topography on EVI and NDVI, the former was shown to be highly 

sensitive to topographic effects (Matsushita et al., 2007) due changes in radiance on inclined 

surfaces as a result of differing sun-sensor geometry. This effect would be important to the 

interpretation of EVI data collected at proximal scale, where sun-sensor geometry also varies. 

While similar questions have been examined by shading experiments at the plot scale using dark 

to light transition experiments (Gamon et al., 2015; Harris et al., 2014), and through model-

based investigations (Barton and North, 2001), the 2017 North American solar eclipse on 

August 21, 2017 provided an unprecedented opportunity to examine the sensitivity of spectral 

indices to changes in illumination level under field conditions while view-illumination 

geometry, canopy structure and biomass remain relatively constant. Under óusualô non-eclipse 

conditions, changes to illumination level are accompanied by changes in illumination angle. 

Cloudiness results in diffuse illumination, whereas under clear skies the solar zenith angle will 

be tightly coupled with downwelling irradiance as the sun rises and sets on a diurnal cycle. 

While studies that manipulate illumination at a plot scale have provided the foundations for our 
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understanding of view-illumination effects on spectral indices, the 2017 solar eclipse allowed 

for an analogous experiment investigating the effect of illumination independent of illumination 

angle at the scale of a whole forest canopy. 

This paper will address the following research objectives: 

i) To determine the responses in environmental conditions and vegetation to the eclipse and 

other changes in illumination throughout the study period, 

ii)  to determine whether the physiologically-related spectral indices SIF and PRI respond to 

dimming-induced changes in vegetation both during the eclipse and when variations in 

illumination are accompanied by changes in illumination geometry, 

iii)  to determine whether spectral indices that are used to estimate canopy structure and leaf 

biochemistry are stable under varying illumination levels resulting from the eclipse, 

sunrise-sunset, and cloudiness, and 

iv) to explore the variability in spectral indices resulting from canopy spatial variability and 

sky condition. 

We hypothesize that PRI should increase with an increase in 531nm reflectance as light falls 

below saturating levels. SIF should decrease in response to a decrease in light as it is a re-

emission of some of the light absorbed by chlorophyll within leaf tissues. On the other hand, 

indices not related to physiological changes should respond less to changes in illumination level. 

We further anticipate that relationships between light intensity and spectral index values will be 

affected by spatial variability (due to diversity of tree species present at the site), as well as by 

view-illumination geometry, as this geometry will change the relative contribution of lower 

canopy leaves to apparent reflectance and fluorescence signals.  

3.4. Materials and methods 

3.4.1. Field site and study period 

All field measurements were taken at the Borden Forest Research Station located in Ontario, 

Canada, at 44Á19'N, 79Á56ôW. Figure 3-1 shows the location of the study site and path of the 
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solar eclipse. The map was developed using ArcGIS Pro (Esri, 2020). The site is situated within 

one of the largest patches of contiguous forest in southern Ontario and houses a fully 

instrumented eddy covariance tower that has provided nearly continuous measurements of 

carbon dioxide, energy and water vapour fluxes since 1996 (Froelich et al., 2015; Lee et al., 

1999; Teklemariam et al., 2009). The forest is comprised of a mixture of Acer rubrum L. (52%), 

Pinus strobus L. (13.5%), Populus grandidentata Michx. (7.7%), Fraxinus americana L. (7.1%), 

and Pinus resinosa Ait. (1.9%), with other hardwood species accounting for the remaining 20% 

of species composition (Lee et al., 1999; Teklemariam et al., 2009).  

All measurements were collected during the period August 20 to 22, 2017. This three-day period 

included a predominantly clear day (August 20), a clear day that included a solar eclipse 

(August 21), and a predominantly cloudy day (August 22). At the location of the study site, the 

solar eclipse on August 21, 2017, began at 1:09pm EDT, reached a maximum obscuration of 

75.2% at 2:30pm EDT, and ended at 3:47pm with a total duration of 2 hours and 38 minutes. 

 

Figure 3-1 a) Location of the study site and path of the solar eclipse that occurred over North America on August 21, 
2017 (NASA Scientific Visualization Studio, 2016). Grey zones indicate the percentage of obscuration of the sun at 
the maximum of the eclipse. b) Region within southern Ontario of the study site (Projection: UTM 17N). c) Sentinel-2 
true color image of the Borden Forest site, acquired Sept 24, 2017 (ESA Copernicus, 2017). The tower position is 
indicated in all three panels by the purple point symbol. The city of Toronto, ON, Canada is included as a green point 
in panel b for reference. 
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3.4.2. Field measurements 

In order to assess environmental changes, and vegetation physiological changes throughout the 

study period, the following measurements were extracted from the tower flux and 

meteorological data. Fluxes of carbon dioxide were determined as the covariance between high-

frequency measurements of vertical air velocity (Applied Technologies Inc., Type K sonic 

anemometer) and fluctuations of carbon dioxide concentration (LI-COR Inc., LI-6262 infrared 

gas analyzer) at a height of 33.4m. Wind speed and direction were measured at a height of 43m 

(RM Young Wind Monitor Model 05103). Temperature and relative humidity were measured at 

41m (Vaisala Temperature and Relative Humidity Probe HMP-45C). Photosynthetically active 

radiation (PAR) was measured by a tower mounted PAR sensor (LI-COR Inc., LI-190SA). To 

gain further insight into vegetation physiological changes, sap flow measurements were 

collected using the heat ratio method (Burgess et al., 2001) (SFM1 Sap Flow Meter ICT 

International, Armidale Australia). Flux and meteorological data are plotted using the package 

ggplot-2 (Wickham, 2016) in the R statistical computing language (R Core Team, 2020).  

3.4.3. Canopy spectral observations 

Multi -angular spectral reflectance measurements were collected during the study period using a 

tower mounted spectrometer (Unispec-DC, PP Systems, Amesbury MA) as described by Zheng 

and Chen (2017). The Unispec-DC is a dual channel spectrometer, with synchronized 

photodiode detectors in the range 300-1100 nm with a spectral sampling interval of 3.3 nm and 

Rayleigh resolution of less than 10nm. The instrument was housed on the eddy covariance tower 

at a height of 38 m in a weatherproof enclosure. The upward facing detector was fixed with a 

cosine corrector for sky irradiance measurement, and a downward facing probe with 20-degree 

field of view was installed on a pan-tilt device to measure reflected radiance at multiple view 

angles. Data acquisition and rotation of the pan-tilt device was achieved using a custom control 

software developed using MATLAB (The Mathworks Inc., 2017). Reflectance measurements 

were collected every 3 seconds, cycling between 4 view zenith angles (43°, 48°, 53°, 58°) and 

view azimuth angles ranging from 0° to 360° (excluding angles where the tower was within the 

sensor field of view). A full cycle of measurements was completed approximately every 15 

minutes. Throughout the study period, 33,034 spectral reflectance measurements were collected, 
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and 158 pan-tilt cycles were completed. Subsequent analysis of canopy spectral observations 

was conducted in MATLAB (The Mathworks Inc., 2017). 

Measurements were corrected for instrument dark current as a function of temperature. The 

instrument was run with channel ports covered tightly in aluminum foil and placed in a dark 

enclosure. The system was acclimated to a variety of temperatures and a highly linear 

relationship between instrument dark current values and detector temperatures were derived for 

each of the 256 spectral sampling intervals on each channel. Measurements were subsequently 

corrected by subtracting the dark current predicted as a function of instrument temperature, 

channel and spectral sampling interval. 

The sensor channels were cross-calibrated by pointing both probes vertically and covering them 

with a diffusive dome to ensure consistent illumination of both spectrometer channels. In order 

to also account for attenuation of the cosine-corrector, the cosine corrector was fitted to the 

downwelling sensor channel throughout the cross-calibration procedure. Cross calibration 

measurements were collected under varying light conditions (full sun, part cloud, shade, and 

dark conditions). For each spectral sampling interval, the relationship between upwelling and 

downwelling channels digital numbers was highly linear. Linear regressions through the origin 

were calculated to determine the relative sensitivity (regression slope) of the upwelling channel 

to the downwelling channel (R2>0.93 for all spectral sampling intervals, and R2>.99 between 

400nm and 1000nm). This regression slope is equivalent to the cross-calibration ratio presented 

by Gamon et al. (2015). Reflectance was calculated for each spectral sampling interval, 

accounting for relative sensitivity of each channel, as: 

 Ὑ
ὖ ȟ Ⱦὖ ȟ

ὅὅ
 Equation 3-1 

where Ὑ is reflectance at wavelength ‗, ὖ ȟ  is the target radiance at wavelength ‗, ὖȟ  

is the sky irradiance at wavelength ‗, and ὅὅ is the cross-calibration ratio calculated as the 

slope of the cross-calibration model for wavelength ‗. 

Half hourly averages of the calibrated LI-190SA sensor were used to scale the integral of 

downwelling irradiance from the Unispec-DC instrument in the photosynthetically active range 

(400-700nm) to units of ɛmol/m2/s. This allows for synchronous measurements of PAR and 
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spectral indices at high frequency which would not be possible via direct comparison to the LI-

190SA sensor as it is set up to monitor PAR averaged every half hour. All comparisons between 

spectral measurements and PAR made in this study use the PAR measurements derived from the 

Unispec-DC instrument. 

Spectral indices were calculated from the corrected spectral reflectance measurements (Table 

3-1) and fall into three general categories:  

¶ Physiological indices are developed to monitor fast changes in light stress response and 

track physiological processes occurring within the leaf (PRI, and SIF).  

¶ Structural indices are used to monitor canopy structure and are sensitive to canopy 

biophysical properties such as leaf area index and above ground biomass (NDVI, EVI, 

and NIRv).  

¶ Chlorophyll indices are used to measure chlorophyll pigment content. The Macc01 index 

Maccioni (2001) was shown to perform best for measuring chlorophyll content at canopy 

scale (Croft et al., 2014a), and has been selected for use in this study (Macc01). 

Table 3-1 Spectral indices and their formulations as used in this study.  

 Index Name  Formula 

Rɚ= Reflectance at wavelength ɚ 

Ὁ=solar irradiance at wavelength ʇ 
ὒ= target radiance at wavelength ʇ 

Reference 

P
h

y
s
io

lo
g

ic
a
l 

Photochemical 

Reflectance Index 

(PRI) 

 

ὖὙὍ
Ὑ Ὑ

Ὑ Ὑ
 

 

(Gamon et al., 1997) 

Solar Induced 

Fluorescence  

(SIF) 

 

ὛὍὊ
Ὁ Ȣὒ ὒ ȢὉ

Ὁ Ȣ Ὁ
 

 

(Plascyk, 1975) 

 

S
tr

u
c
tu

ra
l 

Normalized 

Difference 

Vegetation Index 

(NDVI) 

ὔὈὠὍ
Ὑ Ὑ

Ὑ Ὑ
 (Tucker, 1979) 

Enhanced Vegetation 

Index  

(EVI) 

 

ὉὠὍ

ςȢυ
Ὑ Ὑ

Ὑ φ Ὑ χȢυ Ὑ ρ
 

 

(Huete et al., 2002) 
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Near Infrared 

reflectance of 

Vegetation  

(NIRv) 

ὔὍὙ  ὔὈὠὍὙ  (Badgley et al., 2017) 
C

h
lo

ro
p

h
y
ll 

Chlorophyll index of 

Maccioni, 2001 

(Macc01) 

 

ὓὥὧὧπρ
Ὑ Ὑ

Ὑ Ὑ
 

 

 

(Maccioni et al., 2001) 

The ability of a spectrometer to measure/detect a fluorescence signal is dependent on it having a 

sufficiently fine spectral resolution (full width at half maximum, FWHM), to resolve an 

absorption feature in the downwelling spectrum with sufficient detail that infilling as a result of 

fluorescence can be quantified (Julitta et al., 2016). Typically, with ground-based spectrometers, 

the narrow O2-B band is used for resolving red fluorescence and the much wider O2-A band is 

used for far-red fluorescence. From the canopy reflectance spectra collected with the Unispec-

DC instrument it is possible to observe the O2-A band centered at 760 nm that is commonly used 

in far red SIF retrieval. We used digital numbers from upwelling and downwelling channels of 

the spectrometer, within and outside the O2-A band, in order to retrieve SIF in arbitrary units. 

Since fluorescence is not calculated from reflectance, the cross-calibration ratios between the 

two detectors at 760nm and 756.7nm were used to correct the SIF calculation for relative 

sensitivity between the two instrument detectors as follows: 

 ὛὍὊ
ὅὅ ȢὉ Ȣὒ ὒ Ȣὅὅ Ὁ

ὅὅ ȢὉ Ȣ ὅὅ Ὁ
 Equation 3-2 

where ὅὅ refers to the relative sensitivity of the downwelling channel to the upwelling channel. 

While it would be preferable to utilize a spectrometer with sub-nanometer spectral resolution 

and radiometric calibration to retrieve SIF in absolute units (Julitta et al., 2016; Meroni et al., 

2009), the Unispec-DC has been successfully used to retrieve SIF in other studies (Paul-

Limoges et al., 2018). Our resulting data tracked the diurnal pattern in PAR closely. This diurnal 

pattern can be expected since SIF is a re-emission of a proportion of photons absorbed by the 

chlorophyll molecule and should vary with illumination intensity. Similar results are reported by 

other studies involving proximal remote sensing of SIF (Yang et al., 2018). 
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For each spectral observation, the phase angle (‒) between the solar and viewing angle was 

calculated as: 

 ÃÏÓʁ ÃÏÓʃ ÃÏÓʃ ÓÉÎʃ ÓÉÎʃ ÃÏÓʃ ʃ  Equation 3-3 

where —  is the solar zenith angle, —  is the view zenith angle, —  is the solar azimuth angle, 

and —  is the view azimuth angle.  

3.4.4. Comparisons of spectral indices to changes in illumination and 

view-illumination geometry 

The temporal pattern in each vegetation index was examined against variations in PAR from 

August 20-22, 2017. To evaluate the response of spectral indices to dimming for the whole 

canopy, and to reduce the impacts of spatial canopy heterogeneity on spectral measurements, 

averages were calculated for each repeated sequence of view zenith and view azimuth angles. 

The pan-tilt device repeated the sequence of view angles every 15 minutes. The 15-minute 

averages were plotted with respect to time and PAR. The response of each vegetation index to 

illumination level was also examined via a linear regression between the spectral index and PAR 

under each sky condition (clear, eclipse, and cloudy). Coefficients of determination were 

calculated to determine the proportion of variability in each spectral index that was explained by 

changes in PAR. Regressions were compared to determine if the response of each spectral index 

to PAR differed depending on sky conditions (clear, eclipse, cloudy). To determine the influence 

of view-illumination angle on spectral index values, the 15-minute averaged spectral index 

values were examined in comparison to average phase angle between the sensor view angle and 

solar position. 

Finally, to separate the impacts of sky condition, view-illumination angle, and illumination 

level, individual 3-second measurements (with no averaging) were grouped by phase angle, 

view angle, and the fraction of light emanating from the solar beam direction (i.e., the beam 

fraction, (Ὢ)). We determine the beam fraction following the empirical formula of Black et al. 

(1991) to determine the diffuse fraction of incident light: 
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Ὓ

Ὓ
πȢωτσπȢχστὙ τȢωππὙ ρȢχωφὙ ςȢπυψὙȟὙ πȢψπ

πȢρσπȟὙ πȢψπ
 Equation 3-4 

where Ὓ is the diffuse fraction of global irradiance, Ὓ is the total global irradiance, and R is the 

ratio of Ὓ to top of atmosphere irradiance calculated as the product of the solar constant (1360 

W m-2) and the cosine of the solar zenith angle. The diffuse fraction for total shortwave radiation 

was then used to determine the beam fraction of PAR as: 

 Ὢ ρ ρȢτ
Ὓ

Ὓ
 Equation 3-5 

The factor 1.4 results from the higher diffuse fraction of PAR than total shortwave radiation 

owing to the preferential scattering of shorter wavelengths in the atmosphere (Spitters et al., 

1986).  

Data were grouped into low (0 to 0.3), medium (>0.3 to 0.6) and high (>0.6) beam fraction bins. 

The solar eclipse was separated as an additional sky condition group. Data were additionally 

grouped into 25 quantiles of view azimuth angles. For each pair of view azimuth angle and 

beam fraction groupings (25 and 4 bins, respectively), a linear regression was performed 

between the spectral index value and PAR. Regression R-squared and slope were plotted to 

examine the variability in goodness of fit and sensitivity of spectral indices to changes in PAR 

for different sky conditions and view directions. A second regression model adding phase angle 

as an additional explanatory variable was calculated and examined for significance of the phase 

angle model coefficient and improvement of regression R-squared.  

3.5. Results 

3.5.1. Temporal variability in meteorological variables, sap flow and 

canopy fluxes of CO2 

Figure 3-2 shows the variation in environmental conditions that occurred throughout the study 

period. August 20 and 21 were generally clear except for the eclipse, followed by overcast 



 

49 

conditions on August 22. PAR decreased substantially during the eclipse, inducing a decrease in 

temperature and corresponding increase in relative humidity. Net ecosystem productivity, 

defined here as the net flux of CO2 into the ecosystem, was highest on August 21 and shows a 

clear decrease during the solar eclipse. Net ecosystem productivity was lowest during the 

afternoon and evening of August 22 during which time light levels and temperature were both 

low, thus limiting photosynthetic CO2 uptake. The eclipse also had a clear impact on the rate of 

sap flow through a red maple tree close to the tower. 

 

Figure 3-2 Variability in a) PAR, b) air temperature, c) wind direction, d) CO2 flux, e) Relative Humidity, and f) Sap 
Flow, throughout the study period (in UTC). The eclipse period is indicated by vertical lines in each panel. PAR, air 
temperature, CO2 flux, and sap flow decrease throughout the duration of the solar eclipse.CO2 flux is positive in the 
direction from atmosphere to ecosystem, showing a clear decrease in CO2 uptake resulting from eclipse induced 
dimming.  

3.5.2. Temporal variability in spectral indices under clear skies, during 

solar eclipse, and under cloudy skies 

The eclipse provided an opportunity to test which of the commonly used spectral indices are 

most influenced by changes in illumination. Variability in CO2 fluxes occurred as a result of 

diurnal, eclipse and cloudiness induced changes in PAR; therefore, we would expect PRI and 
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SIF to change if they indeed track light stress and rates of photosynthesis. We also assess 

whether spectral indices related to canopy structure are insensitive to this solar dimming.  

 

Figure 3-3 a) PAR, b) NIRv, c) SIF, d) SIF yield calculated as SIF/PAR, e) NDVI, f) EVI, g) Macc01, and h) PRI are 
plotted over time throughout the study period (in UTC). The color of each point indicates simultaneous PAR 
measurements to highlight sensitivity of each spectral index to changes in illumination level (PAR) in µmol/m2/s.  

From Figure 3-3 it is clear that both of the physiologically-based spectral indices, PRI and SIF, 

exhibit temporal variability that tracks changes in incoming PAR. The decrease in illumination 

that occurred during the solar eclipse coincided with a notable increase in PRI and a decrease in 

SIF. SIF yield (calculated as SIF/PAR) generally increased with illumination level. These 

general patterns are as expected since PRI decreases under conditions of excess light (exhibiting 

an inverse relationship). SIF should have a direct relationship with irradiance as it is a re-

emission of a portion of absorbed PAR (Porcar-Castell et al., 2014).  
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The structural index NDVI exhibited a minimal response to changing PAR throughout the study 

period. While changes in NIRv and EVI occurred throughout the study period, relative changes 

were small in magnitude. The small response of NDVI, NIRv, and EVI to changing PAR matches 

expectations as structural indices depend on  to biomass, which would not have changed notably 

over the 2 hour and 38 minute duration of the eclipse or throughout the study period duration. 

The chlorophyll index Macc01 exhibited a minimal increase during the solar eclipse. However, 

dawn and dusk conditions as well as dimming caused by clouds caused a decrease in Macc01 

values. Nonetheless, the overall magnitude of changes in Macc01 was also small, ranging from 

0.7 to less than 0.8. 

3.5.3. Sensitivity of spectral indices to dimming under clear, eclipse, and 

cloudy skies 

The consistency of the relationships between PAR and each spectral index under the three 

illumination conditions is investigated further. Figure 3-4 demonstrates varying levels of 

correlation between spectral indices and PAR under clear skies, with SIF and NIRv presenting 

the strongest (R2 = 0.92), and weakest (R2 = υ ρπ) relationships under clear sky conditions, 

respectively. Full details of the regression results are presented in Table 3-2. Notably, PAR 

explained 99% of variability in PRI and 97% of variability in SIF under eclipse sky conditions. 

The relationship between PRI and PAR under clear skies displays notable hysteresis. The 

temporal pattern in PRI shows that dawn values of PRI are much higher than those in the 

evening, despite similar illumination levels. As a result, PRI values at low PAR fall into two 

distinct groups (morning and evening) leading to a weak general relationship between PRI and 

PAR under clear skies. This hysteresis in PRI was still present, but to a lesser degree during the 

day of the eclipse, with evening values of PRI being only slightly lower than morning values 

(Figure 3-4e). This suggests that the mid-afternoon timing of the eclipse may have mitigated the 

mid-afternoon temperature and moisture stress typical under clear skies, and that this reduction 

in stress may in turn have affected the PRI signal. Figure 3-2 shows that relative humidity was 

lower on the afternoon of August 20 than August 21 (the day of the eclipse), which may be 

related to higher need for dissipation of excess light through the xanthophyll cycle which, in 

turn, would cause a decrease in PRI. Under cloudy skies, there was a negative relationship 



 

52 

between PAR and PRI, similar to during the eclipse, but with substantially more scatter (lower 

R2=0.11). This scatter may result in part from the small range in PAR, with low values 

throughout much of the day, as well as hysteresis in the response of PRI to PAR with differing 

morning and evening PRI under similar illumination levels.  

NDVI is significantly positively correlated with PAR only under clear skies. The relationship is 

largely driven by low values of both NDVI and PAR in morning and evening. These values 

occur when the sun is lowest in the sky, but also at azimuth angles furthest from south. As the 

sensor is mounted on the south side of the tower, the sun illuminating the canopy from the east 

or west would allow for observations closer to the hotspot than would be possible when the sun 

illuminates the canopy from the south. As NDVI values would be lowest closest to the hotspot, 

this finding of low NDVI at morning and evening is thus likely caused by view-illumination 

angle effects. NIRv, EVI are not significantly correlated with PAR under any sky conditions. 

Macc01 presented much more scatter in the relationship with PAR under clear skies. Although 

the relationship between Macc01 and PAR was significant under clear skies, PAR explained only 

6% of the variability in Macc01 values. PAR explained 91% of the variability in Macc01 during 

the eclipse, and 31.4% under cloudy skies, albeit with a reversal in slope (p<0.001). This 

suggests that changing illumination angle affects Macc01 values differently than does changing 

illumination level alone. Nonetheless, changes in Macc01 values and slopes of the regressions 

with PAR were small throughout the measurement period (Table 3-2). 
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Figure 3-4 Regression plots for SIF (a, b, c), PRI (d, e, f), NDVI (g, h, i), EVI (j, k, l), Macc01 (m, n, o), NIRv (p, q, r) 
compared to PAR under Clear, Eclipse, and Cloudy sky conditions, respectively. The colour of points indicates the 
time of day, with a consistent scale for each plot column to enable visualization of hysteresis where spectral index 
values can differ at the same illumination condition at differing times of day (e.g., PRI, panel d). Regressions on the 
day of the eclipse include data only during the duration of the eclipse while data for other time periods are plotted in 
light grey for reference only. 
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Table 3-2 Regression results for comparisons of spectral index values to PAR for each day of the study period. 
Regressions for the day of the eclipse include data only during the duration of the eclipse. Regression results 
significant at a threshold p<0.05 are in bold. 

Index Sky condition Parameter Estimate DF RMSE R2 p-value 

SIF 

Clear 
Intercept 
Coefficient 

192.02 
0.45 

78 51.3 .92 <.0001 

Eclipse 
Intercept 
Coefficient 

257.3 
0.39 

8 26.3 .96 <.0001 

Cloudy 
Intercept 
Coefficient 

247.74 
.33 

47 24.7 .88 <.0001 

PRI 

Clear 
Intercept 
Coefficient 

-.034 
-2.14e-06 

78 0.00627 0.018 0.239 

Eclipse 
Intercept 
Coefficient 

-0.019 
-1.16e-05 

8 0.000454 0.99 <0.0001 

Cloudy 
Intercept 
Coefficient 

-0.022 
-1.74e-05 

47 .00992 .11 <0.05 

NDVI 

Clear 
Intercept 
Coefficient 

0.71 
8.89e-05 

78 .0381 .46 <0.001 

Eclipse 
Intercept 
Coefficient 

0.82 
-5.81e-06 

8 .0115 .032 0.623 

Cloudy 
Intercept 
Coefficient 

0.75 
4.05e-05 

47 .0549 .022 0.305 

EVI 

Clear 
Intercept 
Coefficient 

0.154  
-1.71e-06 

78 0.0109 0.00381 0.587 

Eclipse 
Intercept 
Coefficient 

0.143 
1.89e-06 

8 0.00101 0.307 0.0964 

Cloudy 
Intercept 
Coefficient 

0.162 
8.80e-07 

47 0.0165 0.000119 0.941 

Macc01 

Clear 
Intercept 
Coefficient 

0.754 
2.72e-06 

78 0.00414 0.0626 <0.05 

Eclipse 
Intercept 
Coefficient 

0.767 
-6.84e-06 

8 0.000756 0.913 <0.001 

Cloudy 
Intercept 
Coefficient 

0.753 
1.53e-05 

47 0.00464 0.314 <0.001 

NIRv 

Clear 
Intercept 
Coefficient 

0.061 
8.85e-08 

78 0.00489 5.07e-05 0.95 

Eclipse 
Intercept 
Coefficient 

0.057 
8.37e-07 

8 0.000442 0.314 0.092 

Cloudy 
Intercept 
Coefficient 

0.064 
1.34e-06 

47 0.00731 0.00142 0.797 
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3.5.4. Difference in spectral reflectance resulting from solar dimming 

To investigate the causes of changes in response of spectral indices to changes in irradiance 

levels during the solar eclipse, we plot the relative changes in reflectance spectra across the 

visible-NIR wavelength range (Figure 3-5). 

 

Figure 3-5 a) Two spectra plotted show mean canopy reflectance. One spectrum was collected immediately 
preceding, and the other at the maximum of the solar eclipse. Differences between these two reflectance spectra are 
nearly imperceptible. b) Difference between these mean canopy reflectance spectra between start and peak of the 
eclipse at each sampling wavelength. Vertical lines are shown at 531nm and 760nm, the wavelengths associated 
with changes in PRI and SIF, respectively.  

Examining the full spectrum of response in reflectance to eclipse-induced dimming indicates 

that dimming does not affect each spectral band equally (Figure 3-5). Where the change in 

reflectance is positive, the reflectance at the peak of the eclipse was higher than at its start. 

Where the change in reflectance is less than zero the reflectance decreased during the eclipse 

compared to at its start. However, in calculating spectral indices based on band combinations at 

different wavelengths, it is the not the absolute magnitude of change that is important but rather 

the relative differences between spectral bands used in the index. Reflectance generally 

increased in visible wavelengths (450-700nm) but increased less in green wavelengths (near 

550nm) than for the remainder of this range. Reflectance generally decreased in the near infrared 
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wavelengths between 700nm and 800nm but decreased less near 760nm, the wavelength 

associated with SIF detection using the telluric O2-A band.  

The larger increase at wavelengths with lower leaf reflectance (blue ~470nm, and red ~680nm) 

suggests a multiple scattering effect. Multiple scattering is less influenced by leaf reflectance for 

diffuse radiation than for direct radiation, creating an effect mirroring that of leaf spectra (Chen 

et al., 2014). This is because the reduction in multiple scattering when direct radiation 

diminished during the eclipse differs among spectral regions. The reduction in multiple 

scattering was smaller at wavelengths with lower leaf reflectance such as in the red region of the 

visible spectrum relative to the change in multiple scattering in spectral regions where leaf 

reflectance is high such as in the near infrared. Hence, the small differences in the dimming 

effect at different wavelengths signify changes in the multiple scattering contribution to the total 

reflectance. For the same reason, near infrared reflectance decreased most during the eclipse 

because multiple scattering was the strongest under full light conditions and diminished during 

the eclipse.1 

Following the pioneering work of (Gamon et al., 1990), we anticipated a spectrally narrow 

increase in reflectance in response to dimming centered around 531nm; however, no feature was 

observed. The spectrally wide feature centered around 550nm may instead drive the observed 

changes in PRI rather than the 531nm signal associated with xanthophyll cycle pigment 

interconversions. The width of the feature also suggests that a reference band of 570nm used in 

calculating PRI may be affected by changes in illumination level relative to neighboring regions 

of the spectrum.  

The sharp feature centered around 760nm shows that fluorescence accounted for a smaller 

decrease in apparent reflectance compared to neighboring spectral regions. This is consistent 

with observations of increase SIF Yield during the eclipse period Figure 3-3. 

The spectral reflectance change also explains the stability of NDVI, NIRv, EVI, and instability of 

Macc01 through the duration of the solar eclipse. NDVI, NIRv and EVI are calculated 

 

1
 A model-based analysis of multiple scattering effects on canopy reflectance is further discussed in Appendix A. 
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combinations of reflectance values measured at 470nm, 680nm, and 800nm (Table 3-1) which 

are similarly impacted by the eclipse. However, Macc01 utilizes bands at 680nm, 710nm, and 

780nm, which are each impacted differently by the eclipse. In fact, the slope of the spectral 

change in reflectance is steepest between 680nm and 710nm, explaining the high sensitivity of 

Macc01 to changing illumination. Other studies formulate NDVI and EVI with varying band 

combinations within the red and near infrared range. The sensitivity of these indices to changing 

illumination may be affected by the band selection that is used in the calculation. 

3.5.5. Effects of view-illumination geometry on spectral indices 

To separate the effect of view-illumination geometry from illumination level, we calculated the 

average phase angle between the sun and the sensor for each set of multi-angle measurements.  

Figure 3-6 reveals how the phase angle between illumination and viewing direction varies with 

illumination under each sky condition, as well as the variability in each of the spectral indices 

examined. The range in phase angle during the solar eclipse was less than 4 degrees 

demonstrating the degree to which the eclipse minimized effects of changing view-illumination 

geometry. 

 Under clear skies, there is a noticeable negative relationship between phase angle and spectral 

index values for NDVI, and SIF. Under cloudy skies, we should anticipate the phase angle to be 

unimportant as the illumination received from the sun would be diffused as it passes through a 

cloud. It thus would not intercept the vegetation surface from the angle of the sun used in 

calculating the phase angle. As such, the noticeable relationship between phase angle and values 

of the spectral indices NDVI, PRI and SIF under cloudy skies can be assumed to result from 

changes in illumination.  
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Figure 3-6 Scatterplots between phase angle and SIF (a, b, c), PRI (d, e, f), NDVI (g, h, i), EVI (j, k, l), Macc01 (m, n, 
o), and NIRv (p, q, r). Colours indicate PAR at the time of measurement in µmol/m2/s. Plots for the full day of the 
eclipse are shown in grey for reference and coloured by PAR values during the duration of the eclipse. Note that 
although a relationship between phase angle and spectral index values emerges on clear days, these changes are 
accompanied by changing PAR illustrating the challenges in separating the impacts of view-illumination geometry 
and illumination level under normal conditions. During the solar eclipse indicated by the coloured points, large 
changes in PAR occurred independently of phase angle which changed by less than 4 degrees. 
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In order to further disentangle the factors influencing spectral index values, SIF, PRI, and NDVI 

were examined further. NIRv, EVI, and Macc01 exhibited small changes in index value 

throughout the study period and thus were not included in the additional analysis. Individual 

measurements were grouped by view azimuth angle (25 quantiles) and beam fraction (bin 1: 0 to 

0.3, bin 2: >0.3 to 0.6, bin 3: >0.6, with an additional grouping for the eclipse, bin 4). View 

azimuth bins correspond to data divided into groups containing an equal number of data points 

ranging from 267.5 degrees (bin 1) to 162.5 degrees (bin 25), passing through zero. Regressions 

between spectral index values and PAR were performed on data falling into each pair of beam 

fraction and view angle groupings. Regressions were tested for significance at a threshold of 

p<0.05. A second set of regressions adding phase angle as an explanatory variable were added to 

determine if the addition of phase angle explains a greater proportion of variability in the 

spectral index value than PAR alone. In the multiple regressions including phase angle, the 

regression coefficient for phase angle was also tested for significance at a threshold of p<0.05. 

Each of the 100 regressions for each of the three spectral indexes contained between 50 and 425 

data points.  

Figure 3-7 shows that there is variability in the slope and R-squared for regressions between 

PAR and spectral index values when grouped by sky conditions, and view angles. Variability 

among view azimuth bins is related to spatial heterogeneity of the forest canopy (i.e., differing 

tree species or canopy gaps). For SIF, model R-squared showed best fit for eclipse data, 

followed by clear sky data (bin 3). In contrast for PRI, clear skies yield significant regression 

results for most view angles, but with low R-squared. Eclipse sky conditions show higher R-

squared between PAR and PRI. These results are generally consistent with the pattern of 

improved R-squared values for PRI versus PAR under eclipse conditions reported in Figure 3-4. 

However, the generally lower R-squared values for the instantaneous data rather than 15-minute 

averages shows that spatial heterogeneity introduces variability in PRI response to PAR. Under 

medium and highly diffuse sky conditions associated with cloudiness (bins 2, and 3), for PRI R-

squared values are lower with many regressions producing insignificant results. However, for 

SIF, regression results are significant with higher R-squared than the other indices.  

For NDVI, models produce highest R-squared at bins corresponding to view azimuth angles 

ranging from 90 to 160 degrees (bins 20-25). These view angles are in canopy viewing 

directions ranging from east to nearly south of the tower which may capture a high range in 
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shaded canopy fraction throughout the day. The pattern is weakly mirrored at bins 

corresponding to more western view directions under clear skies. The absence of this pattern or 

significant relationships between NDVI and PAR at most view angles during the solar eclipse 

suggests that this pattern is a result of view-illumination geometry effects.  

 

Figure 3-7 R-squared and model slope for regressions between spectral indices and PAR for groups of beam 
fraction and view azimuth. The bins for beam fraction correspond to values as follows: bin 1: 0 ï 0.3 (mostly diffuse), 
bin 2: >0.3 ï 0.6 (partly diffuse), and bin 3: >0.6 (mostly direct). View azimuth bins correspond to data divided into 
groups containing an equal number of data points ranging from 267.5 degrees (bin 1) to 162.5 degrees (bin 25), 
passing through zero degrees from North. The regressions in panel a, d, and g, relate the spectral index to PAR 
only. The plots b, e, and h indicate the model slope for the regressions shown in a, d, and g. Panels c, f, and i 
include phase angle as an explanatory variable in a multiple regression between spectral indices and PAR. White 
tiles indicate regression models that were not statistically significant (p<0.05) (a, b, d, e, g, h) or where the coefficient 
for phase angle was not statistically significant (p<0.05) (c, f, i). View angle impacts regression goodness of fit and 
slope demonstrating spatial canopy heterogeneity in the response of spectral indices to changing illumination. 
Regressions for PRI and SIF exhibit highest R-squared under eclipse conditions, and low variability in slope with 
view azimuth. 

For all three indices, model R-squared values are improved by the addition of phase angle, but in 

some viewing directions, and under some sky conditions the phase angle coefficient is 

insignificant, indicated by white tiles in Figure 3-7 c, f, and j. For SIF and PRI, regressions are 
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significant at most view angles, whereas for NDVI several pairs of view angles and sky 

conditions yield insignificant regression results. Lastly, regression slope is in some instances 

positive between PRI and PAR under clear skies (Figure 3-7e). This is the opposite to the 

expected negative relationship between PRI and PAR, suggesting that mechanisms other than 

xanthophyll cycle activity are responsible for the resulting changes in PRI at these view angles 

and under these sky conditions. 

3.6. Discussion 

With physiologically-sensitive metrics such as SIF and PRI, it is challenging to determine 

whether index changes are related to physiological processes, seasonality of leaf chemistry or 

canopy structure, or to physically-related processes such as self-shading within the canopy. 

Meanwhile, the photosynthetic fluxes we aim to assess with spectral indices are highly sensitive 

to illumination (Figure 3-2). Although interconversions in xanthophyll pigments can occur on 

the time scale of seconds to minutes, canopy structure and total pigment pools respond only 

slowly to environmental conditions. By examining changes over the duration of the eclipse, we 

ensure that variability in the spectral indices did not result from variations in constitutive leaf 

chemistry, canopy structure or changing contributions of shaded leaves, but rather purely as a 

result of variations in physical and physiological processes including the rapid epoxidation and 

de-epoxidation of xanthophylls. 

PRI was more variable than was SIF; however, PRI still showed some similarity across all sky 

conditions if afternoon and evening values are excluded for the clear day. Hysteresis in PRI was 

evident on the clear day but not during the eclipse, suggesting that the mid-afternoon timing of 

the eclipse may have mitigated the mid-afternoon temperature and moisture stress typical under 

clear skies. This is consistent with the findings of (Higgins et al., 2019), who documented 

reductions in air temperature throughout the 2017 North American Eclipse at three field sites 

within the path of totality. We also report reduced air temperature and increased relative 

humidity in Figure 3-2 which may act as triggers to allow physiological light dissipation 

mechanisms to relax (Demmig-Adams, 1990). Furthermore, we see a clear decrease in sap flow 

consistent with stomatal closure and reduced water loss through transpiration at the top of the 
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vegetation canopy (Bovard et al., 2005). This along with reduced CO2 uptake indicates 

photosynthetic reduction during the solar eclipse. 

The hysteresis noted in PRI is driven by high morning PRI values during the clear day. It is 

worth noting that Harris et al. (2014) reported a similar diurnal pattern in PRI in a study 

comparing low-cost 2-channel PRI sensors to a Unispec-DC instrument. They attribute high 

morning PRI to instrument error and considered the possibility that error was introduced by the 

cosine corrector at high solar zenith angles. Gamon et al. (2015) similarly report noise in the PRI 

signal of SRS sensors (produced by Decagon, now METER) at high solar zenith angles, and 

suggest these noisy values may result from interacting effects of sun angle and sky conditions. 

Although a Unispec-DC instrument was used as the benchmark in both studies, it remains 

possible that the higher morning PRI values we report may be influenced in part by instrument-

specific spectral responses to illumination conditions (cloudiness, and solar zenith angle). These 

potential effects would not be relevant during the solar eclipse, when the illumination level 

changed dramatically with less than ten degrees change in solar zenith angle. Correcting for 

hysteresis in PRI would require characterization of its various potential causes, including view-

illumination effects, instrument specific responses to illumination conditions, and biological 

responses. More sophisticated field-ready spectrometers are becoming available with higher 

spectral resolution and the potential for radiometric calibration. Further study with more 

sophisticated instrumentation may help to further characterize and/or eliminate these potential 

sources of error.  

Figure 3-5 shows a spectral feature centered around the minimum absorption wavelength of 

chlorophyll, and a feature in the near infrared. These features suggest differing effects of 

multiple scattering before and during the eclipse. The spectral feature in the green wavelengths 

in Figure 3-5 overlaps the spectral bands used in calculating PRI and demonstrates how PRI is 

impacted by multiple scattering in the vegetation canopy. 

Other studies have attempted to control for view-angle effects in assessing canopy scale PRI 

dynamics. These studies largely focus on the relative contributions of shaded and sunlit leaves 

and devise schemes to separate these (Hall et al., 2008; Hilker et al., 2008; Middleton et al., 

2009; Zhang et al., 2017). This separation can help to account for both ñfacultativeò and 

ñconstitutiveò differences (Gamon and Berry, 2012) in the sensor field of view. When 
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comparing diffuse and direct light conditions, canopy structural effects become important. In 

particular, since under diffuse illumination conditions light is able to penetrate to deeper layers 

of a forest canopy, the overall reflectance at the canopy scale will be more affected by leaves 

lower in the canopy under diffuse conditions than under sunny skies. Under sunny skies, the 

lower canopy will be in deep shadow and not contribute as significantly to the overall 

reflectance of the canopy as compared to sunlit top-of-canopy leaves. Across all spectral indices 

assessed, we observe much smaller coefficients of determination for regressions between PAR 

and index values under cloudy skies than under clear or eclipse sky conditions. This suggests 

that diffuse illumination results in additional variability in the spectral indices that cannot be 

accounted for by PAR alone.  

The eclipse allowed for assessment of differences in spectral reflectance and spectral indices in 

the absence of changes in view illumination geometry. There should therefore be minimal 

difference in the respective contribution of shaded and sunlit leaves throughout the eclipse. 

Nonetheless, a spectrally-varying change in reflectance is observed. These results are surprising 

in the context of sensing PRI at the canopy scale. Based on the pioneering dark-to-light 

transition experiment of Gamon et al. (1990), we anticipated this natural shading experiment to 

reveal a narrow feature centered on 531nm. This would increase 531nm reflectance compared to 

that at the reference band of 570nm throughout the eclipse, causing an increase in PRI. We 

instead observe a wider feature at longer wavelengths associated with minimum chlorophyll 

absorption. This feature shows decreased reflectance at the 570nm reference band relative to the 

531nm band associated with facultative changes in xanthophyll pigments. This has the ultimate 

effect of increasing PRI during the solar eclipse (the result anticipated), but these changes in 

index value result from 570nm reflectance changes rather than those at 531nm. The spectral 

reflectance change also explains the stability of NDVI, NIRv, and EVI, and the instability of 

Macc01 through the duration of the solar eclipse, based on the band combinations used in the 

calculations of these indices. This whole canopy shading experiment demonstrates challenges 

that may occur in interpreting spectral indices at canopy (or larger) scales, which are obscured 

under normal conditions that preclude separating illumination and view-illumination geometry 

effects. 

A modelling study by Barton and North (2001) aimed specifically to investigate the expected 

role of view angle, and canopy structure in variability of canopy PRI measurements. However, 
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in their modelling approach they assume a consistent relationship between LUE and assume that 

changes in LUE alone drive changes in PRI. This assumption simplifies the interpretation of the 

results, allowing for clear presentation of the importance of canopy geometry and view angle 

effects on PRI based on expected differences in LUE. However, the results presented here 

demonstrate that the PRI signal may be affected by scattering within the canopy that is not 

intrinsically linked to changing physiology and LUE at the scale of individual leaves. Future 

experiments may benefit from measurements of the diffuse fraction of illumination as well the 

use of imaging spectrometers to help disentangle the role of sunlit and shaded canopy fractions 

under different illumination conditions. 

We find that values of NDVI, EVI, and NIRv are insensitive to changes in illumination in the 

absence of changes in view-illumination geometry (Figure 3-3 and Figure 3-4). However, during 

the clear day when view-illumination geometry and PAR vary in tandem, NDVI displayed high 

variability. The variance of reflectance spectra with view-illumination geometry has been shown 

to differ between the visible and near infrared portions of the electromagnetic spectrum, which 

are used in NDVI calculation. In a modelling study, Leblanc et al., (1997) demonstrate that 

NDVI varies with view-illumination geometry dependent on the proportional contribution of 

shaded leaves observed. Near infrared reflectance decreases less in shadow than does red 

reflectance owing to the strength of multiple scattering in the near infrared. The strong multiple 

scattering in the near infrared makes shadows less ódarkô in near infrared than in the red band. 

As a result, NDVI which is based on the red and near infrared bands, increases with the shadow 

fraction observed. Figure 3-6 shows a decrease in NDVI with phase angle. High phase angles in 

Figure 3-6 correspond to sunrise or sunset conditions. As the sensor was mounted on the south 

side of the tower and observed the canopy from the north direction, it would therefore mostly 

observe the shaded side of tree crowns near noon when the sun is illuminating the canopy from 

the south, resulting in high NDVI values. Near sunrise or sunset, when the phase angle was 

larger, the sensor could observe a larger fraction of the sunlit crowns. The observed lower NDVI 

at sunrise and sunset (Figure 3-2 and Figure 3-4) is thus consistent with theoretical basis which 

shows NDVI decreases with sunlit canopy fraction. Further study to characterize view angle 

effects at the scale of forest canopies may benefit from alternative sensor placement. In this 

study, the Unispec-DC instrument was placed on the south side of the tower preventing 

observation of the hotspot where view angle effects on reflectance and spectral indices are most 
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severe (Beneduzzi et al., 2017; Gamon et al., 2006). The hotspot, or the portion of the canopy 

where sunlit leaves would be maximally observed with lower NDVI values, was obscured by the 

tower (excluded in the data), leading to higher canopy average NDVI values (Leblanc et al., 

1997).  

Future efforts should target collection of spectral measurements throughout solar eclipses to 

further examine the impacts of illumination and view-illumination geometry on spectral indices. 

In further study, the use of high spectral resolution, temperature controlled, radiometrically 

calibrated instrumentation rather than the Unispec-DC instrument used in this study would 

minimize the need for dark current correction and detector cross-calibration. This would reduce 

the potential for instrument responses to impact spectral index calculations. Imaging 

spectrometers capable of spectrally resolving the PRI and SIF signals may also provide 

particular insight to the relative importance of sunlit and shaded leaves in interpretation of 

spectral indices at the scale of forest canopies. Instrumentation to separately measure diffuse and 

direct illumination may also aid in elucidating variations in illumination angle due to haze and 

cloudiness aiding interpretation of results related to eclipse induced dimming. Lastly, 

positioning sensors to observe the hotspot effect may help characterize view-illumination angle 

effects particularly if applied over homogenous canopies with minimal canopy spatial 

heterogeneity.  

The view-illumination geometry of satellite data acquisition has been implicated as a source of 

variability in the estimation of terrestrial variables of interest. Satellite observations of Amazon 

green-up were found to be an artifact of sun-sensor geometry (Morton et al., 2014; Samanta et 

al., 2010). Hilker et al., (2015) showed MODIS EVI to be sensitive to directional effects, 

affecting estimation of leaf area index (LAI). Angular normalization of SIF has been shown to 

better relate to GPP (He et al., 2017), and view-illumination geometry affects the slope of 

relationships between SIF and GPP (Z. Zhang et al., 2018). Inclusion of phase angle as an 

explanatory variable in regressions between spectral indices and PAR was significant only for 

some view angles and sky conditions. Exclusion of the hotspot may have limited the sensitivity 

of our analyses to view angle effects on spectral indices. Future study would benefit from 

experimental setups that capture the full 360 degrees of view azimuth surrounding the sensor to 

capture the hotspot effect. Studies in homogenous canopies would also help mitigate challenges 

introduced by spatial canopy heterogeneity.  
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3.7. Conclusions 

It is well established that most spectral indices are sensitive to both view-illumination geometry 

and illumination level, which are simultaneously affected by cloudiness and diurnal movement 

of the sun with respect to the target of interest. Despite the importance of assessing how 

illumination affects spectral indices, it is impossible to manipulate illumination levels in a 

controlled manner at the scale of a forest canopy. In this study we exploited the drastic reduction 

in illumination level that occurred during a solar eclipse as a natural shading experiment to 

evaluate the impact of illumination level while controlling for changes in illumination geometry 

at the scale of a whole forest canopy.  

The method presents an opportunity to validate our understanding of directional effects under 

field conditions. Cloudiness induced additional variability in the relationships between spectral 

indices and PAR, indicating that diffuse illumination causes changes to spectral index values in 

ways that cannot be accounted for by changes in illumination level alone. Accounting for phase 

angle at each view azimuth angle under varying sky conditions generally improved relationships 

between PAR and both PRI and SIF. However, the spatial variability in the canopy, and lack of 

visibility of the hotspot north of the forest tower limit further separation of these effects. 

While NIRv and EVI were relatively stable throughout the measurement period, NDVI exhibited 

decreases at dawn and dusk under clear sky conditions. These patterns are consistent with view-

illumination geometry effects, as NDVI decreases with the proportion of sunlit canopy which 

would be maximally observed during these time periods from the sensor mounted on the south 

side of the tower.  

We find that sensitivity of spectral indices to PAR results from the spectrally varying response 

of the canopy reflectance to dimming. Although SIF and PRI varied as expected with 

illumination, changes in PRI were affected by the spectrally varying response of reflectance to 

the eclipse in an unexpected way. We anticipated that dimming would result in a 531nm 

increase in reflectance. However, we instead attribute changes in PRI to decreases in reflectance 

at 570nm relative to reflectance at 531nm. We also attribute sensitivity of Macc01 to the spectral 

change in reflectance, as the index is calculated using bands that are differently affected by 

dimming during the solar eclipse. Examining the difference in reflectance between the start and 
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maximum of the eclipse indicates that these spectral indices are sensitive to multiple scattering 

of photons in the plant canopy rather than the biochemical changes that they were designed to 

detect (i.e., xanthophyll cycle interconversions in the case of PRI, and changes in chlorophyll 

content in the case of Macc01). This sensitivity may confound interpretation of spectral indices 

at the scale of forest canopies and beyond. 

The next solar eclipse in this region was an annular eclipse at sunrise on June 10, 20212. This 

will be followed by a total solar eclipse on April 8, 2024, reaching its maximum at 3:19pm EDT. 

The present study demonstrates the potential to exploit eclipses to better understand how 

spectral indices respond to changes in light conditions. We anticipate broadening these eclipse-

based investigations over future eclipse events to explore questions of light partitioning at the 

canopy scale, and how they can be detected through remote sensing techniques.  
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Chapter 4 
Daily leaf area index from photosynthetically active radiation for 

long term records of canopy structure and leaf phenology 

 

This chapter has been published in Agricultural and Forest Meteorology as: 

Rogers, C., Chen, J. M., Croft, H., Gonsamo, A., Luo, X., Bartlett, P., & Staebler, R. M. 

(2021). Daily leaf area index from photosynthetically active radiation for long term 

records of canopy structure and leaf phenology. Agricultural and Forest Meteorology, 

304ï305, 108407. https://doi.org/10.1016/j.agrformet.2021.108407 

 

4.1. Highlights 

¶ We present four methods to calculate LAI on a daily basis from PAR 

¶ Each method shows high linear correlation with MODIS and LAI -2000 datasets 

¶ All methods provide a precise indication of start and end of the growing season 

¶ PAR-based LAI has broad potential to reveal phenological response to global change 

4.2. Abstract 

Leaf area index (LAI) is a critical biophysical indicator that describes foliage abundance in 

ecosystems. An accurate and continuous estimation of LAI is therefore desirable to quantify 

ecosystem status and function (e.g., carbon and water exchange between the land surface and the 

atmosphere). However, deriving accurate LAI measurements at regular temporal intervals 

remains challenging, requiring either destructive sampling or manual collection of canopy gap 

fraction measurements at discrete time intervals. In this study, we present four methods to obtain 

continuous LAI data, simply derived from above and below canopy measurements of 

photosynthetically active radiation (PAR) at the Borden Forest Research Station from 1999 to 

2018. We compare LAI derived using the four PAR-based methods with independent 

measurements of LAI from optical methods and the MODIS satellite LAI product. LAI estimates 
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derived from all four PAR-based methods capture the seasonal changes in observed and 

remotely sensed LAI and show a close linear correspondence with one another (R2 of 0.55 to 

0.76 compared to MODIS LAI, and R2 of 0.78 to 0.84 compared to LAI -2000 measurements). A 

PAR-based method using Millerôs Integral theorem showed the strongest linear relationship with 

LAI -2000 measurements (R2=0.84, p<0.001, SE=0.40). In many years MODIS LAI indicates an 

earlier start of season and earlier end of season than the daily PAR-based LAI datasets, showing 

systematic biases in the MODIS assessment of growing season. 

The four PAR-based LAI methods outlined in this study provide an LAI dataset of unprecedented 

temporal resolution. These methods will allow precise determination of phenological events, 

improve leaf to canopy scaling in process-based models, and provide valuable insight into 

dynamic vegetation responses to global climate change. 

4.3. Introduction 

The exchange of carbon and water between plants and the atmosphere occurs at the scale of 

individual leaves. Leaf area index (LAI), defined as ½ the total (all-sided) area of leaves per unit 

ground area (Chen and Black, 1992), is thus an important and dynamic biophysical indicator 

with a close link to carbon, energy, and water fluxes between the biosphere and the atmosphere. 

LAI is a key variable in terrestrial ecosystem models and allows for the scaling of leaf processes 

to canopies and to whole regions. Accurately representing the temporal variations in LAI is 

crucial to the accurate modelling of seasonal dynamics in land surface carbon and water 

exchange. The seasonal dynamics of LAI also represent the timing of key phenological events, 

such as bud-burst, full leaf expansion, maturity and senescence, which are direct indicators of 

vegetationôs response to climate change, in turn generating feedbacks to the climate system 

(Richardson et al., 2013). Evidence suggests that earlier spring growing season onset and 

delayed senescence in fall have resulted from climate change. However, this trend has slowed 

and the mechanisms underlying this response remain poorly understood (Piao et al., 2019). 

These phenological responses thus have broad implications for quantifying carbon cycling at the 

scale of ecosystems and the entire globe. Hence, it is critical to measure the precise temporal 

dynamics of LAI.  
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Despite the importance of LAI in representing a variety of temporal ecosystem processes, 

obtaining accurate measures of temporal variation in LAI is challenging. Destructive 

measurements of LAI are laborious, requiring sampling of a large enough number of leaves to 

represent the study area. Destructive sampling of forested ecosystems is usually impractical (and 

undesirable due to permanent changes to the site); thus, direct measurements typically rely on 

litter collection throughout only the fall senescence period. These direct measurement 

approaches are thus poorly suited to the study of daily, seasonal and inter-annual temporal 

dynamics in LAI. Indirect measurements of LAI are achieved by instruments or methods 

estimating the gap fraction of the canopy to in turn estimate LAI. These include:  

¶ the LAI -2000 and LAI -2200 plant canopy analyzers (LI-COR, Lincoln Nebraska) 

(Welles and Cohen, 1996; Welles and Norman, 1991);  

¶ ceptometers such as AccuPAR LP-80 (METER Environment, Pullman WA), and 

SunScan (Delta-T Devices, Cambridge, UK),  

¶ Tracing Radiation and Architecture of Canopies (TRAC) (Huiming Instrumentation 

Limited, Nanjing, China) (Chen and Cihlar, 1995; Leblanc et al., 2002),  

¶ Digital Hemispherical Photography (DHP) systems (Chen et al., 1991); and  

¶ Terrestrial laser scanning (TLS) systems (Béland et al., 2014; Zheng et al., 2013).  

However, the handheld nature of each device makes it challenging to ensure that measurements 

are taken in exactly the same way in exactly the same location on each measurement date. Sky 

conditions can also limit data collection with commercial instruments (Kobayashi et al., 2013; 

Leblanc and Chen, 2001). This complicates the measurement of long time series of LAI as it is 

challenging to ensure consistency in repeat measurements. In addition, these devices require an 

operator to collect measurements, which limits the frequency with which repeated measurements 

can be made. Lastly, while satellite-based approaches for retrieving LAI exist, their frequency is 

limited by satellite overpass frequency and the frequency of cloud-free skies. High-frequency 

(i.e., daily) measurements of LAI are required to precisely capture rapid phenological events, 

such as leaf bud burst and senescence, which can occur over short time frames in temperate 

ecosystems, and could easily be missed using manual measurements or satellite data with long 

temporal sampling intervals (Ahl et al., 2006).  
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Commercial instruments generally rely on the attenuation of light through the vegetation canopy 

to estimate canopy gap fraction from a modification of the Beer-Lambert law. However, eddy 

covariance towers often house similar, but permanently mounted sensors that continuously 

measure photosynthetically active radiation (PAR) above and below the forest canopy. In this 

study, by determining the proportion of PAR at the top of the canopy that reaches the sensor 

below the canopy, we can continuously calculate the gap fraction probability as used in 

commercial ceptometers. Some previous studies similarly exploit information from canopy PAR 

transmission when frequent LAI measurements are needed. For instance, Wythers et al. (2003) 

employ a fixed extinction coefficient to match that typically used in a PnET model to simulate 

forests of the same type as their study site, the Harvard Forest. Richardson et al., (2012) utilized 

a similar PAR-based approach in an assessment of bias introduced by misrepresentation of 

phenology in 14 models participating in the North American Carbon Program Site Synthesis.  

In this study, we use data from permanently mounted PAR sensors above and below a temperate 

mixed forest canopy to calculate daily LAI from 1999 to 2018. Our objectives were to: 

i) explore the feasibility of deriving LAI from the long-term PAR dataset,  

ii)  compare LAI values calculated from PAR with those from independent records 

derived from the MODIS Land Products Fixed Sites Subsetting and Visualization 

tool at the Oak Ridge National Laboratory Distributed Active Archive Centre 

(Myneni et al., 2015; ORNL DAAC, 2018) and from reference measurements 

collected with a LAI -2000 instrument, and  

iii)  explore differences in phenology metrics between the resulting datasets.  

The PAR-based LAI estimation methods presented are not dissimilar to those employed by 

commercially available LAI meters. However, the main advantages of these PAR-based methods 

are that they permit an autonomous, continuous, and simply derived daily estimate of LAI not 

feasible through manual measurements or satellite datasets. These estimates can be achieved 

without any need for instruments other than basic light sensors.  
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4.4. Theory of indirect LAI measurement 

Several reviews thoroughly cover the theory underpinning indirect assessment of LAI (Breda, 

2003; Jonckheere et al., 2004; Weiss et al., 2004; Yan et al., 2019), which is described here only 

briefly. Indirect methods for quantifying LAI employ an application of the Beer-Lambert law to 

describe the attenuation of light through a physical material as a function of optical depth and 

path length through a substance: 

)Ú )Å  Equation 4-1 

where Ὅᾀ is the light penetrating through a path length of z, Ὅ is the incident light, ‘ is the 

attenuation coefficient (Monsi et al., 2005; Monsi and Saeki, 1953).  

Wilson (1963, 1960) employed a point-intercept method whereby contact points between foliage 

and a probe were used to derive LAI for a quadrat. Ross and Nilson (Ross, 1981; Ross and 

Nilson, 1965) subsequently used extinction of a beam of radiation penetrating through a plant 

canopy as a replacement for the probe in determining points of interception due to leaf contact. 

The principle of determining LAI from radiation extinction is described by: 

ὖ— Ὡ  Equation 4-2 

where ὖ— is the probability that a beam penetrates the canopy at angle —, Ὧ is an extinction 

coefficient that accounts for variation in attenuation as a result of path length and leaf 

orientation, and ὒ is effective LAI and includes woody elements of the vegetation canopy and 

effects of non-random spatial distribution of canopy elements (i.e., clumping) (Nilson, 1971).  

A simplified case, ignoring multiple scattering of incoming radiation in the canopy, replaces Ὧ 

with  as: 

ὖ— Ὡ   Equation 4-3 

where Ὃ— is the projection coefficient of plant elements on the plane normal to — and ÃÏÓ—, 

the cosine of the solar zenith angle accounts for the path length through the canopy (Monsi et 



 

73 

al., 2005; Monsi and Saeki, 1953; Nilson, 1971; Ross, 1981). This model can be inverted to 

determine effective LAI as: 

ὒ
ὧέί—

 Ὃ—
ὰὲὖ—  Equation 4-4 

Determination of LAI is complicated by the sensitivity of Ὃ— to leaf angle distribution. Leaf 

angle is most commonly defined as the angle between the leaf normal (the line orthogonal to the 

leaf plane) and zenith and is traditionally measured by painstaking analysis of leveled 

photographs. While new (and less labor intensive) methods employing digital photography 

(Pisek et al., 2011) or terrestrial laser scanners (Vicari et al., 2019) can be used to measure 

orientation of leaf surfaces, a spherical leaf angle distribution is still often assumed, giving 

Ὃ— πȢυ at all —, simplifying determination of LAI. However, this assumption is often 

violated, in many environments, including broadleaf forests, which tend to exhibit more 

planophile leaf angle distributions, with variability throughout the growing season (Raabe et al., 

2015). Commercial LAI instruments employ different approaches to account for the variability 

of Ὃ— with leaf angle and solar position. The LAI -2000 device and hemispherical photography 

methods overcome the sensitivity of Ὃ— to solar zenith angle by taking measurements at 

several view angles (Welles and Norman, 1991). Another solution, employed by the AccuPAR 

device is to measure when solar zenith angle is 57.3°(i.e., elevation angle is 32.7 °), at which 

G — becomes insensitive to leaf angle distribution, or to make an estimate of the … parameter 

(see Equation 4-16 below) for use in Campbellôs ellipsoidal model for leaf angle distribution 

(Campbell, 1990). 

4.4.1. Accounting for non-random leaf spatial distribution and woody 

area index 

Chen (1996) expresses ὒ as the product of plant area index (PAI) and a clumping index ( ) to 

account for non-random spatial distribution of canopy elements:  

ὖὃὍ
ὒ 
ɱ

 Equation 4-5 
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Chen (1996) further separates PAI into woody and leafy components by subtracting the area of 

woody elements. Often a constant ratio of woody to total plant area is applied (W:T).  

ὒὃὍρ ὡȡὝ ὖὃὍὖὃὍὡέέὨώ ὃὶὩὥ ὍὲὨὩὼ Equation 4-6 

However, in deciduous forests, this ratio can be expected to vary since leaf area will increase in 

spring and decrease in fall while woody area remains stable by comparison. Rather than 

determine a constant value to represent W:T, one can instead subtract the minimum winter PAI 

to determine LAI and more accurately capture variability in the ratio of woody to total plant area 

at the broadleaf study site: 

ὒὃὍὖὃὍὖὃὍ  Equation 4-7 

Since clumping and woody area index introduce sources of variability in the calculation of LAI, 

in this study we ensure consistency by comparing measurements of ὒ from a LAI -2000 

instrument to our calculations of ὒ derived from above and below canopy PAR measurements. 

4.5. Methods 

4.5.1. Study site 

We collected all measurements for this study at the Borden Forest Research Station located on 

the northern boundary of the Borden Canadian Forces Base (44° 19ǋ N, 79° 56ǋ W), in Ontario, 

Canada. The site was established in 1984 and has provided nearly continuous eddy covariance 

measurements of carbon, water vapor, and energy fluxes since 1995 (Froelich et al., 2015). A 

one-year gap in the record occurred in 2004 due to construction of a replacement tower. Flux 

data are reported to AmeriFlux (Site ID: CA-Cbo) and are available for download. 

The incoming above-canopy PAR is monitored with a LI-COR LI-190SA quantum sensor fixed 

at a height of 44m from June 1995 to Dec 2003, and a height of 41.5 m from April 2005 to 

present. The below-canopy downwelling PAR is measured with a LI-COR LI-191 line quantum 

sensor at a height of 1.5m (situated above the forest understory) from 1999 to present. Half-

hourly averages of daytime incident PAR were used in this analysis. 
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4.5.2. Data cleaning 

Throughout the study period from 1999-2018, there are 322,842 pairs of half-hourly above and 

below canopy PAR measurements. PAR data were screened for quality first by excluding low 

light (nighttime) data when PAR was less than 10 ɛmol m-2s-1 (leaving 130,343 pairs of 

measurements). Next, top of atmosphere PAR was calculated in a manner consistent with that 

employed by METERôs AccuPAR ceptometer. That is, the PAR solar constant is assumed to be 

2550ɛmol m-2 s-1 and the top of atmosphere PAR is calculated as ςυυπ ‘άέὰȾά Ⱦί ÃÏÓ— 

(Campbell, 2017; METER Group Inc., 2020). Next the ratio of incident PAR at top-of-canopy to 

PAR at top-of-atmosphere was calculated and any data points for which the ratio exceeded 1 

were excluded. The same procedure was repeated for the sub-canopy PAR data (130,325 pairs of 

measurements remain). Finally, the ratio of below canopy PAR to above-canopy PAR was 

calculated and excluded when the ratio exceeded 1 as the below-canopy PAR sensor is always 

partially occluded as compared to the top-of-canopy sensor. This had the result of excluding any 

data points for which the PAR sensor above the forest canopy was occluded by snow 

accumulation or other obstructions. 130,205 pairs of measurements remained, or 99.9% of 

daytime measurements. Figure 4-1 shows the continuous, half-hourly measurements of above 

and below canopy PAR data over a typical annual cycle. 
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Figure 4-1 (a) Half-hourly PAR measurements above and below the Borden Forest canopy. Above canopy PAR 
measurements are plotted in purple. Below canopy PAR measurements are plotted in green. (b) daily average 
transmission calculated as PARbelow/PARabove (Equation 4-10). (c) Effective LAI measurements collected at Borden 
from all years using a LAI-2000 plant canopy analyzer. There is a clear seasonal pattern with light transmission 
through the forest canopy highest in winter months when trees are free of leaves and lowest in summer months 
when LAI is highest. 
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4.5.3. Calculation of solar position 

In order to determine the beam fraction of light (i.e., the proportion of light received directly 

from the sunôs direction, rather than via diffuse sources) we first utilize the empirical formula 

reported by Black et al. (1991) to determine the diffuse fraction of global irradiance: 

Ὓ

Ὓ
πȢωτσπȢχστὙ τȢωππὙ ρȢχωφὙ ςȢπυψὙȟὙ πȢψπ

πȢρσπȟὙ πȢψπ
 Equation 4-8 

where Ὓ is diffuse irradiance, Ὓ is the total global irradiance, and Ὑ is the ratio of Ὓ to top of 

atmosphere irradiance calculated as the product of the solar constant (1360 W m-2) and the 

cosine of the solar zenith angle. The diffuse fraction for total shortwave radiation was then used 

to determine the beam fraction of PAR (Ὢ) as: 

Ὢ ρ ρȢτ
Ὓ

Ὓ
 

Equation 4-9 

The factor 1.4 results from the higher diffuse fraction of PAR than total shortwave radiation 

owing to the preferential scattering of shorter wavelengths in the atmosphere (Spitters et al., 

1986).  

An alternative method for determining beam fraction, employed by the Meter AccuPAR 

ceptometer (Campbell, 2017), is that of Spitters et al. (1986) which is derived from an analysis 

of literature and data reported throughout the Netherlands. While the two methods yield very 

close results and choice of methods does not significantly impact the analysis, the authors here 

opt for the method of Black et al. (1991) due to its applicability to Canadian sites. 

4.5.4. Four indirect PAR-based methods of continuously deriving LAI 

LAI was derived from transmission (†) of PAR through the canopy, measured as  

†
ὖὃὙ

ὖὃὙ
 Equation 4-10 

In turn, in a similar approach to that used by commercially-available instruments (Welles, 1990; 

Welles and Cohen, 1996; Welles and Norman, 1991) we use † to represent ὖ—, or the 
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probability that a photon penetrates the forest canopy. We use † to determine effective LAI using 

the following four methods based on Equation 4-4: 

1) Simple Method 

2) Campbell method 

3) Miller integral 

4) Lang-Gonsamo method 

4.5.4.1. Simple Method 

If the leaf angle distribution within the vegetation canopy is assumed to be spherically uniform, 

Ὃ— would be constant and equal to 0.5. This allows the calculation of ὒ from Equation 4-4 

as: 

ὒ
ὧέί—

 πȢυ
ὰὲὖ—  Equation 4-11 

Equation 4-11 was applied directly to each half hourly pair of above and below canopy PAR 

measurements. While a simple, and easily implemented approach to determining ὒ, the 

assumption of spherical leaf angle distribution is unlikely to be valid. In practice, leaf angle 

distribution is rarely spherically uniform and can even vary throughout the growing season 

(Pisek et al., 2013; Raabe et al., 2015). The following three methods include consideration of 

leaf angle (Campbell method) or eliminate the need for a spherical assumption (Lang-Gonsamo, 

and Miller methods). 

4.5.4.2. Campbell Method 

Campbell (1986) presents a method to more accurately characterize leaf angle distribution as an 

ellipsoid while maintaining computational simplicity. The method allows for oblate spheroid 

distributions wherein there would be more horizontal than vertical leaves, or for prolate 

spheroids where leaf angles are more vertically oriented. Campbell (1986) introduces a 

parameter c that represents the ratio of projection area of the spheroid on a horizontal plane to 

that of a vertical plane thus indicating the oblateness of the spheroid. Campbell (1990) extends 

this work to provide analytical expressions to represent Ὃ— as: 
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Ὃ—
ς…ίὭὲ—

Ώὧέί‌ …ίὭὲ‌
 Equation 4-12 

where Ώ is the normalized ellipse area, and ‌ is the leaf inclination angle. Ώ is calculated as: 

Ώ … ρȢχχτ… ρȢρψςȢ  Equation 4-13 

This permits calculation of the extinction coefficient (Ὧ) in Equation 4-2 as: 

Ὧ
… ὸὥὲ—

… ρȢχττ… ρȢρψςȢ
 Equation 4-14 

Campbell (1990) further provides an analytical expression to derive … from the mean leaf angle 

of the canopy ‌) as: 

‌ ωȢφυσ … Ȣ  Equation 4-15 

Rearranging for … gives: 

…
ωȢφυ

‌
σ Equation 4-16 

A leaf inclination angle less than 1 radian (57.3 °), i.e., more horizontal or planophile than 

spherical, will have a value of … less than 1. Mean leaf inclination angle above 1 radian, i.e., 

more vertical, or erectophile, than spherical will give a value of … greater than 1. Perfectly 

spherical leaf angle distributions would have a value of … of exactly 1. 

4.5.4.2.1. Accounting for scattering of solar radiation: 

Radiation transmitted through a vegetation canopy is a mixture of direct radiation, and diffuse 

radiation that has been scattered by the atmosphere as well as by leaves within the vegetation 

canopy. We use an approach consistent with the widely used AccuPAR (LP-80) ceptometer 

(METER Environment, USA; formerly Decagon) to account for the diffuse fraction of radiation. 

This approach draws from a simplification of the model of Norman and Jarvis (1975) devised by 

Norman in 1988 though not formally presented in a traditional scientific manuscript. The 
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approach is the method underpinning major commercial instruments for determining LAI 

including the AccuPAR and SunScan ceptometers, with ὒ calculated as: 

ὒ

ρ
ρ
ςὯ
Ὢ ρὰὲ†

ὃρ πȢτχὪ
 

Equation 4-17 

where Ὢis the beam fraction calculated as in Equation 4-9, and ὃ is an empirical parameter that 

accounts for leaf absorption. ὃ is calculated as:  

ὃ πȢςψσπȢχψυὥ πȢρυωὥ Equation 4-18 

where ὥ is leaf absorptivity (absorbed radiation normalized by incident radiation, here calculated 

over the PAR spectral range (400-700nm)). 

The Campbell method requires some knowledge of: 

i. leaf angle distribution which impacts Ὃ— and extinction coefficient, as well as the  

ii.  proportion of direct and diffuse radiation and  

iii.  leaf absorption.  

A common approach when measurements are not available, such as that used by the AccuPAR 

ceptometer is to use the assumptions that leaf angle distribution is spherical, and leaf absorption 

is around 0.9. We use Equation 4-8 and Equation 4-9 to partition PAR into direct and diffuse 

radiation. We use the following methods to most accurately represent the other two difficult to 

measure parameters. 

4.5.4.2.2. Leaf Angle distribution: 

Looking outward from the Borden Forest tower at mid-canopy reveals layers of horizontally 

oriented leaves. This is indicative of a planophile leaf angle distribution suggesting the 

assumption of spherically distributed leaves may be incorrect for this site. Rather than 

employing an assumption that leaf angles are distributed spherically, which does not match our 

experience at the site, we utilize leaf angle distributions reported for similar species at Harvard 

Forest by Raabe et al. (2015), available from the TRY plant trait database (Kattge et al., 2020). 

We calculated an average leaf angle distribution weighted by the proportion of each species 
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present at the Borden Forest site (Teklemariam et al., 2009). While Raabe et al. (2015) report 

leaf angles throughout different stages of the growing season, we have used a mean value of 

16.63°, assumed to be representative of the whole growing season.  

4.5.4.2.3. Leaf Absorption: 

Leaf absorption was accounted for using Equation 4-18. Measurements of leaf reflectance, and 

transmittance were collected on 19 dates throughout the 2013 growing season on Acer 

saccharum Marsh., Acer rubrum L., Populus tremuloides Michx., Populus grandidentata 

Michx., Fraxinus americana L., and Fagus grandifolia Ehrh. Collectively these species account 

for 76% of the species composition at the Borden Forest (Teklemariam et al., 2009). 

Absorptance was calculated as: 

ὥ ρ Ὑ Ὕ Equation 4-19 

where Ὑ and Ὕ are the mean reflectance and transmittance, respectively, over the PAR spectral 

range (400-700nm). A mean value of ὥ πȢψ was assumed to be representative of the growing 

season. 

4.5.4.3. Miller Integral 

An elegant solution to the problem of variation in Ὃ— with solar zenith angle is that of Miller 

(1967). By measuring ὖ— over the full range of zenith angles, the parameter Ὃ— is not 

required, as ὒ can be calculated using the integral: 

ὒ ς ὧέί—ίὭὲ—ὰὲ
ρ

†
Ὠ— Equation 4-20 

We perform the numerical integration on clear sky datapoints (i.e., those where beam fraction 

exceeds 0.7) over a moving window of 5 days. As the data did not span the full range of solar 

zenith angles from 0 to  radians, we bounded the integration by adding data points at each limit 

of the definite integral, where the integrand is conveniently equal to zero. The integration was 
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performed by fitting a function of the form Ὢ— ὅÃÏÓ—ÓÉÎ— (where C is a constant) to each 

5-day set of data and determining ὒ as: 

ὒ ς Ὢ—Ὠ— Equation 4-21 

This results in a daily estimate for ὒfor all days for which there are sufficient clear sky 

datapoints to fit the function and apply the integration. 

4.5.4.4. Lang-Gonsamo Method 

Lang (1987) presents a method to interpolate the probability of beam transmission when the 

sunôs angle is 1 radian. At this angle, the value of Ὃ— is 0.5 irrespective of leaf angle 

distribution. The approach uses a linear regression between — and ÃÏÓ—ÌÎὖ—  to predict 

the mean contact number, Ὧ, from ὃ ὄ— where A and B are the slope and intercept of the 

regression, respectively. Substituting this into Millerôs integral (Equation 4-20) gives: 

ὒ ς ὃ ὄ  Equation 4-22 

Half-hourly values of canopy PAR transmittance were used to calculate LAI using the sun and its 

movement through a range of solar zenith angles as a probe. That is, half-hourly values of 

ÃÏÓ —ÌÎ† were regressed against — in radians to determine a slope (B) and intercept (A). 

Ideally, Langôs method is performed using transmission of the direct solar beam. As such, we 

filtered the data to balance the need for clear sky data against retaining sufficient data points for 

successful regression. Data were filtered by beam fraction such that >70% of PAR came from 

the sunôs direction for any data point retained. Linear regression was applied on a moving 5-day 

window of data to ensure sufficient clear sky data points for a regression to yield meaningful 

results. While the 5-day moving window reduced the temporal resolution of the resulting dataset 

(effectively smoothing the results), the method allowed a larger subset of data to be included in 

each regression thus minimizing noisy results and sensitivity of the regressions to outliers. 

Since ὧέί is equal to zero, we forced the regression through the x-intercept at ȟπ.  
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Gonsamo et al. (2018) recommend the use of a robust regression procedure that limits the 

sensitivity to outliers, as compared to ordinary least square regression. They found that a least 

absolute deviations regression procedure outperformed the algorithms of Miller, Campbell, and 

Langôs ordinary least squares approach, and have sufficient accuracy for estimating LAI from 

field measurements of gap fraction. Following the work of Gonsamo et al. (2018) we apply the 

least absolute deviations algorithm using the R package L1Pack (Osorio and Wolodzko, 2017) 

in the R statistical computing language (R Core Team, 2020).  

The regression coefficients were used in Langôs formula (Equation 4-22), which is equivalent to 

interpolating the value of the extinction coefficient at the special angle 57.3° where gap fraction 

and extinction coefficient are insensitive to leaf angle distribution (i.e., the value of 

Ὃ— converges on a value of 0.5 regardless of the leaf angle distributions).  

4.5.5. LAI-2000 and TRAC measurements 

Indirect measurements of LAI were also collected using a LAI -2000 plant canopy analyzer. 

Measurements were taken at 10 points along a 100 m transect extending to the south of the 

tower. At large zenith angles, direct transmission of diffuse light from the sky is low but diffuse 

radiation scattered in the canopy remains high. This can lead to overestimation of direct 

radiation transmittance through the canopy, as a portion of the radiation received by the below 

canopy sensor is scattered within the canopy rather than directly transmitted. As a direct result 

following Equation 4-4, this scattering results in underestimation of ὒ (Chen et al., 1991; 

Leblanc and Chen, 2001). A typical recommendation is to exclude the lowest two (53° and 68°) 

of the 5 measurement angles from the calculation of LAI from the LAI -2000, limiting the view 

angles to 7°, 23° and 38° as a correction for the underestimation of LAI at large zenith angles 

(Chen et al., 2006). This method is effective in reducing the multiple scattering effect when the 

leaf angle distribution is approximately spherical. It would also be sensible to restrict the Miller 

and Lang-Gonsamo calculations of LAI to the same view angles for the purpose of comparison. 

However, it was not feasible to filter the data in such a way at this site location due to its 

latitude: solar zenith angle only falls below 38° between April 5 and Sept 4 (DOY 96 and 248) 

at the site latitude and excluding data outside this range would exclude all measurements from 

the fall senescence period. As such, the LAI -2000 measurements used included all 5 rings of 



 

84 

data for determination of ὒ, to allow a consistent basis of comparison to the ceptometry based 

methods assessed in this study. 

This same transect was used for measurements of LAI and the clumping index using a TRAC 

device, when solar zenith angles were approximately 57.3°, and the solar beam (and resulting 

shadows) intersected the transect at approximately 90°. TRAC results gave a clumping index of 

0.95 averaged over 13 measurement dates between May and October 2018. There was no 

noticeable seasonal pattern in clumping index over the growing season, so this average clumping 

index can be applied to determine LAI from ὒ for all measurement dates. 

4.5.6. MODIS LAI 

LAI data derived from MODIS were obtained from the Fixed Sites Subsetting and Visualization 

Tool at the Oak Ridge National Laboratory Distributed Active Archive Centre (ORNL DAAC, 

2018). Data were restricted to the pixels falling entirely within the forest area containing the flux 

tower and sub-canopy PAR sensor. For the MCD15A3H grid used, these were pixel numbers 

[145, 146, 160, 161, 162]. LAI was calculated as the median of values for available pixels for 

each date in the 4-day dataset. As the dataset has a 500m spatial resolution, pixels outside this 

area may be affected by spatial variability in areas not visible from the location of the sub-

canopy PAR sensor. In fact, the row of pixels immediately north of the tower pixel would be 

influenced by a road and agricultural area. 

4.5.7. Phenological metrics 

LAI derived from each method was fit using the logistic function presented by Gonsamo et al. 

(2013b).  

Ὢὼ ‌
‌

ρ Ὡ

‌

ρ Ὡ
  Equation 4-23 

where ὼ is day of year (DOY), ‌  ‌  is the amplitude between the early summer plateau 

and background, ‌  ‌  is the amplitude between late summer plateau and background, ‏ 

and ‏ are normalized slope coefficients for spring and fall, and ‍ and ‍ are the midpoints (in 

DOY) in the green-up and senescence transitions. Phenology metrics can be systematically 
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calculated from the parameters of Equation 4-23 (Gonsamo et al., 2013b), based on 1st, 2nd and 

3rd derivatives of Equation 4-23. Following Gonsamo et al. (2013b) we compare the midpoints 

of green-up (‍) and senescence (‍), as well as the start of season (ὛὕὛ ‍ τȢυφςȾς‏  ), 

the start of peak (Ὓὕὖ‍ τȢυφςȾς‏ ), the end of peak (Ὁὕὖ ‍ τȢυφςȾς‏ , the 

end of season (ὉὕὛ ‍ τȢυφςȾς‏ , and the length of the growing season (ὒὕὛ

ὉὕὛὛὕὛ. 

All figures were created in R using the ggplot 2 data visualization package (Wickham, 2016), 

the ggplot2 extensions cowplot (Wilke, 2020) and GGally (Schloerke et al., 2021). 

4.6. Results 

4.6.1. Comparison between different LAI derivation methods 

We first examine ὒ calculated via each of the four methods: the four PAR-based algorithms 

(i.e., Simple, Campbell, Lang-Gonsamo and Miller), alongside the independent measurements of 

ὒ from LAI -2000 measurements at the site, and the MODIS LAI dataset (Figure 4-2). Each pair 

of methods is compared with a linear regression model. Since each measurement is an estimate 

of the same metric, ὒ, we should expect regression results to closely follow a 1:1 linear 

relationship if both methods compared accurately measure ὒȢ 
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Figure 4-2 (a) Effective LAI (Le) estimated by MODIS, LAI-2000, and the Simple, Campbell, Lang-Gonsamo, and Miller PAR-based methods for the period 1999-2018. (b) 
Logistic regression fit to all daily LAI estimates from each method for all years of the study period, showing the typical annual amplitude and timing of green up and 
senescence. (c) First derivative of the seasonal curves shown in (b). The maximum of each curve corresponds to the timing of the midpoint of green-up (ɓ1) and the 
minimum to the midpoint of senescence (ɓ2) for each method. (d) Correlation matrix comparing daily LAI estimates for each pair of methods. Black lines indicate a 1:1 line, 
whereas green lines indicate line of best fit. Pearson correlation coefficients are shown in the upper quadrants, with *** indicating significance threshold of p<0.001. 
Frequency distributions for each method (histograms) are shown on the diagonal.



 

87 

Table 4-1 Typical phenological metrics for each LAI estimation method computed by fitting Equation 4-23 to LAI 
estimates from all years. ɓ1 and ɓ2 are midpoints of green-up and senescence. SOS indicates start of the growing 
season, EOS indicates the end of the growing season and LOS is the length of the growing season. Values indicate 
day of year. 

 SOS 

Midpoint 
of 

Greenup 

♫  

Start of 
Peak 

End of 
Peak 

Midpoint of 
Senescence 

♫  

EOS LOS 

MODIS LAI 128 139 151 261 276 293 165 

LAI-2000 135 145 156 270 288 306 171 

Simple 134 147 159 254 279 305 171 

Campbell 136 146 159 275 287 299 164 

Lang-Gonsamo 133 153 172 276 289 303 170 

Miller 132 147 163 274 287 302 169 

ὒ values and phenological timing of green-up and senescence (Figure 4-2b, c) differ between 

methods. Values of ὒ are slightly lower for the Miller and Lang-Gonsamo method than those 

determined using the Campbell method, which is slightly lower than the LAI -2000 

measurements in summer but slightly higher than LAI -2000 measurements in winter. The 

Simple method produces much higher estimates of ὒ than all other methods, including MODIS 

and LAI -2000 during summer, but lower estimates than all methods except the MODIS LAI 

dataset in winter. With the exception of the Lang-Gonsamo method, all PAR-based methods 

result in a midpoint of spring green-up ‍  that is within 2 days of that calculated from LAI -

2000 measurements (Figure 4-2c, Table 4-1). In contrast, the MODIS-LAI product exhibits a ‍ 

value 6 days earlier than the reference, LAI -2000. The Lang-Gonsamo method results in a ‍ 

value 8 days later than for LAI -2000. In fall, the midpoint of senescence ‍  is within 2 days of 

DOY=288, ‍ as determined from LAI -2000 measurements, except for the Simple method, 

which is 9 days earlier (DOY=279). The ‍ determined from MODIS LAI is DOY=276, 12 days 

earlier than for LAI -2000. 

We found that ὒ estimated from all four of the PAR based methods are highly linearly 

correlated with measurements from a LAI -2000 plant canopy analyzer, and with the MODIS 

LAI dataset (R2>.78 and .55 respectively, p<.001, Table 4-2). However, the difference in slope 

and intercept between the lines of best fit shown in Figure 4-2d and the 1:1 lines indicate that all 
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methods deviate from a 1:1 relationship. Although the Simple method shows the closest line of 

best fit to the 1:1 line, the temporal pattern in ὒ estimates from the Simple method differs 

substantially from the LAI -2000 measurements, and from the other PAR-based methods.  

Figure 4-2d reports frequency distributions for each ὒ dataset, all of which are bimodal. This 

indicates most data are collected at low or high ὒ values with less frequent data collection 

during transitions between these two states. However, the PAR-based methods provide a much 

higher data density at intermediate ὒ values which occur during spring and fall periods. The 

frequency distribution of LAI -2000 values shows few measurements were conducted during 

winter when visits to the field site were infrequent.  

Table 4-2 The regression results comparing each pair among the six Le retrieval methods (LAI-2000, MODIS, Simple, 
Campbell, Lang-Gonsamo, and Miller). All regressions were significant at a threshold of p<0.001. Notably, R2 was 
lowest when comparing the two validation methods (i.e., MODIS v. LAI-2000). 

        Estimate 
Standard 

Error 
t-value Pr(>|t|) R2 

Residual 

Standard 

Error 

DF 

MODIS v. LAI -2000 
Intercept 0.04 1.03 0.04 0.969 

0.40 1.47 24 
Coefficient 1.02 0.26 4.00 <0.001 

Simple v. LAI -2000 
Intercept -0.46 0.23 -2.00 0.048 

0.78 0.78 108 
Coefficient 1.17 0.06 19.83 <0.001 

Campbell v. LAI -2000 
Intercept 0.49 0.15 3.26 0.001 

0.81 0.51 108 
Coefficient 0.84 0.04 21.79 <0.001 

Lang-

Gonsamo 
v. LAI -2000 

Intercept 0.38 0.14 2.66 0.009 
0.78 0.49 109 

Coefficient 0.71 0.04 19.58 <0.001 

Miller  v. LAI -2000 
Intercept 0.41 0.12 3.54 <0.001 

0.84 0.40 109 
Coefficient 0.72 0.03 24.35 <0.001 

Simple v. MODIS 
Intercept 0.68 0.04 16.60 <0.001 

0.76 0.87 1152 
Coefficient 0.76 0.01 60.17 <0.001 

Campbell v. MODIS 
Intercept 1.43 0.04 40.34 <0.001 

0.66 0.76 1152 
Coefficient 0.52 0.01 47.29 <0.001 

Lang-

Gonsamo 
v. MODIS 

Intercept 1.37 0.03 41.22 <0.001 
0.55 0.71 1160 

Coefficient 0.39 0.01 37.55 <0.001 

Miller  v. MODIS 
Intercept 1.27 0.03 42.50 <0.001 

0.66 0.64 1160 
Coefficient 0.44 0.01 47.01 <0.001 

Campbell v. Simple 
Intercept 0.88 0.01 127.08 <0.001 

0.93 0.34 6854 
Coefficient 0.71 0.00 296.61 <0.001 

Lang-

Gonsamo 
v. Simple 

Intercept 0.98 0.01 95.58 <0.001 
0.77 0.50 6641 

Coefficient 0.53 0.00 148.82 <0.001 

Miller  v. Simple 
Intercept 0.87 0.01 109.16 <0.001 

0.87 0.39 6641 
Coefficient 0.58 0.00 210.89 <0.001 

Lang-

Gonsamo 
v. Campbell 

Intercept 0.30 0.01 28.17 <0.001 
0.85 0.39 6641 

Coefficient 0.75 0.00 197.31 <0.001 

Miller  v. Campbell 
Intercept 0.20 0.01 21.40 <0.001 

0.90 0.33 6641 
Coefficient 0.80 0.00 248.72 <0.001 

Miller  v. 
Lang-

Gonsamo 

Intercept -0.02 0.01 -3.82 <0.001 
0.96 0.20 6733 

Coefficient 1.02 0.00 429.50 <0.001 
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4.6.2. Half-hourly variation in canopy PAR transmittance 

Figure 4-3 shows the influence of irradiance conditions (i.e., the amount of diffuse vs direct 

irradiance) on the calculation of ὒ at half-hourly intervals for a single year (2018).  

The Campbell method on a half-hourly basis results in a reasonable seasonal pattern of high ὒ 

during summer months and low ὒ during winter months (Figure 4-3). However, the Simple 

method exhibits a curved pattern, and a slower transition to peak ὒ than do the other methods, 

peaking near day of year 173, the summer solstice. The Simple method also results in earlier end 

of season metrics than the other methods. 

 

Figure 4-3 The Le calculated on a half hourly basis using (a) the Simple method, (b) Campbell methods with spherical 
leaf angle distribution and (c) the Campbell method with a 16.63° leaf angle considered representative of the Borden 
Forest site. Point transparency indicates diffuse fraction of the top-of-canopy PAR, calculated using Equation 4-8 and 
Equation 4-9. This demonstrates that under clear skies values of Le using these methods are higher and more 
variable than for cloudy skies. This results from a combination of spatial variability in the forest canopy as the sun 
moves through the sky on a clear day, and from violation of the assumption that leaf angle distribution is spherical. 

Half-hourly values of the Simple and Campbell methods show minimal variability within a 

single day under cloudy skies. However, there is high variability in ὒ within a single day under 

sunny skies, owing to the spatial variation in ὒ and the small canopy area, which would 

influence half-hourly ὒ measurements when Ὢ is high. In other words, under clear skies when 

Ὢ is high the half-hourly transmittance and resulting ὒ estimate would be influenced 

predominantly by the portion of the canopy casting shadows on the below canopy PAR sensor 

within each half-hour.  
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To further examine the extent to which solar zenith angle accounts for differences between the 

Simple and Campbell approach, the Campbell method calculation was repeated using a mean 

leaf angle of 57.3° corresponding to a spherical leaf angle distribution (Figure 4-3b). This 

modified Campbell method resulted in higher ὒ values under clear sky conditions, particularly 

near the summer solstice, whereas, under cloudy skies the results of the two Campbell 

approaches were nearly identical. However, results of the modified Campbell method differed 

from those from the Simple method indicating that parameters present in the Campbell method, 

but absent in the Simple method, are responsible for the improved performance of the Campbell 

model compared to LAI -2000 measurements, and that these differences cannot be attributed to 

leaf angle representation alone. 

4.6.3. Variations in phenological metrics between each LAI method 

In order to investigate the ability of each method to capture the key phenological parameters of 

the ecosystem, we compare seasonal profiles for the full measurement period of each respective 

method (Figure 4-4). 

Our results show that the seasonal pattern in ὒ is relatively consistent with that of LAI -2000 

across all PAR-based methods except the Simple method (Figure 4-4). This demonstrates that 

the Campbell, Lang-Gonsamo and Miller methods can provide a temporally precise indication 

of phenology. The timing of spring increase in ὒ and fall leaf-drop overlap reasonably well 

with the independent datasets from LAI -2000 measurements. The large gaps in the records for 

the MODIS and the LAI -2000 measurements are a result of the much lower temporal sampling 

intervals of each method, and result in much higher standard error in determination of the 

phenological metrics (Figure 4-4b, c) in comparison to the continuous PAR-based approaches 

outlined in this study.  
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Figure 4-4 Shows the temporal fingerprint of Le time series from each method. Points indicate start of season (white) 
and end of season (black). Start of Season (b), and End of Season (c) are plotted for each method, with ribbon width 
indicating standard error for each year of the study period. The MODIS LAI product precedes the end of growing 
season as determined by other methods in most years. 

The MODIS LAI dataset exhibited an earlier start to the growing season in several years, and an 

earlier end to the growing season in almost all years in the study period as compared to the 

ceptometry-based datasets. This resulted in shorter growing season length when calculated from 

the MODIS dataset in several years. On average, MODIS midpoint of green-up ‍ was DOY 

139, seven days earlier than for the Campbell method (‍=146); and MODIS midpoint of 

senescence ‍ was DOY 276, eleven days earlier than for the Campbell method (‍=287) (Table 

4-1). 



 

92 

4.7. Discussion 

4.7.1. Accuracy of values and phenological timing of PAR-based LAI 

estimates 

We consider LAI -2000 measurements as a reference for the effective LAI of the Borden site. 

Although, Neumann et al. (1989) found LAI at the Borden site to have a maximum of 5.1 m2/m2 

using litterfall measurements, LAI -2000 measurements were also validated by litterfall at 

Borden in the 1995 growing season, in which midseason LAI averaged 4.2 m2/m2 (Staebler et 

al., 2000). Our peak season estimate of ὒ from LAI -2000 measurements is 4.53 ±0.46 m2/m2. 

This value is within a reasonable range compared to previously reported litterfall estimates, as 

the canopy ὒ can vary spatially, as well as from year to year, both of which may introduce 

uncertainty in both the litterfall and LAI -2000 estimates. 

The Simple, Campbell, Lang-Gonsamo, and Miller methods are linearly correlated with one 

another (Figure 4-2, Table 4-2), as well as with reference measurements from LAI -2000. 

However, the actual ὒ values vary between methods, as well as timing of and shape of the 

phenological curves. This raises a question as to which method is most accurate. Here, we 

summarize (Table 4-3) and discuss the merits of each method under different circumstances:  
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Table 4-3 Required parameters, advantages and disadvantages of each PAR-based method presented in this study 

Method 
Required 
Parameters 

Advantages Disadvantages 

Simple —, † 

- Requires only two easy to 
measure parameters 
- Does not require clear skies 
(best in cloudy conditions) 
- Can be calculated from a single 
measurement of † 
- Indicates spatial variability in 
canopy ὒ 

- Sensitive to leaf angle 
- Does not account for within canopy 
scattering 
- High variability in ὒ estimates 
- Least accurate PAR-based method in 
both ὒ values and representation of 
phenology 

Campbell — , †, Ὢ, ὥ, ‌ 

- Does not require clear skies 
(best in cloudy conditions) 

- Can be calculated from a single 
measurement of † 
- Indicates spatial variability in 
canopy ὒ 

- Accounts for within canopy 
scattering 
- Accounts for leaf angle 
distribution 

- High variability in , estimates  
- Requires several parameters that can be 
difficult to measure or estimate 

Lang-
Gonsamo 

— , † 

- Insensitive to leaf angle 
distributions 
- Requires only two easy to 
measure parameters 
 

- Requires multiple measurements of † 
across a range of — 
- Requires clear skies 

- Sensitive to small range of — at high 
latitudes 
- Does not account for within canopy 
scattering 
- Underestimates ὒ values compared to 
LAI-2000 

Miller — , † 

- Insensitive to leaf angle 
distributions 
- Requires only two easy to 
measure parameters 

- Requires multiple measurements of † 
across a range of — 
- Requires clear skies 

- Sensitive to small range of — at high 
latitudes 
- Does not account for within canopy 
scattering 
- Underestimates ὒ values compared to 
LAI-2000 

The Simple method is easily applied and provided a good estimate of ὒ in this study. However, 

it relies on the assumption that leaf angle distribution is spherical and does not account for 

scattering within the vegetation canopy. In environments where this assumption is clearly 

violated, for instance in willow or grass dominated systems that tend to have erectophile 

(vertically oriented) leaf angle distributions, larger errors should be anticipated. Nonetheless, the 
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Simple method provides a fast means of approximating ὒ with minimal effort and few required 

parameters. Measurement under cloudy skies, when mean illumination angle is 57.3°, would 

also minimize effects of leaf angle distribution. However, even under these conditions, ὒ 

estimates are higher than from other methods, the seasonal pattern is unrealistic, and the end of 

growing season precedes other ὒ estimates. Comparison between the Simple method and the 

Campbell method, which uses a spherical leaf angle assumption, indicates that the inaccurate ὒ 

seasonal shape results from both the spherical leaf angle distribution and other parameters 

included in the Campbell model but absent in the Simple model. These include leaf absorptivity 

in the PAR range, and the beam fraction, demonstrating that the assumption in the Simple model 

that leaves are fully absorptive in the PAR range, and illumination is from the solar direction 

only, are violated.  

The Campbell method therefore greatly improves upon the Simple method by eliminating an 

assumed leaf angle distribution and also accounting for leaf absorption and canopy scattering. 

Campbellôs method agrees well with LAI -2000 when a good approximation of the leaf angle 

distribution is used. The Campbell method results in more realistic values of ὒ as well as a 

more reasonable seasonal pattern. However, a disadvantage is that the Campbell method relies 

on substantial additional data, that are often difficult to measure or estimate (i.e., mean leaf 

angle, and leaf absorptivity in the PAR spectral range). The leaf absorption and leaf angle 

distributions were estimated in this study and were held constant throughout the growing season. 

In reality, leaf absorption is low early in the growing season before chlorophyll has developed. 

Leaf angle can also vary throughout the growing season as leaves unfold (Raabe et al., 2015), as 

well as in vegetation that displays heliotropism (Shell et al., 1974) or wilting under water stress 

(Kimes and Kirchner, 1983). Further study is needed to characterize leaf angle distribution and 

leaf absorption, as well as their variation throughout the growing season. These variable 

parameters could be used to improve further upon ὒ estimations using the Campbell method, 

and assess uncertainty introduced by errors in these parameters. 

There is high variability in ὒ estimated by the Campbell and Simple methods from one half-

hour to the next (Figure 4-3). This variability likely results from differences in sky conditions 

(i.e., the relative proportions of diffuse and direct irradiance), and associated changes in the 

direction from which light received by the above and below canopy PAR sensors originates. 

These differences would lead to a different part of the vegetation canopy causing the 
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interception of the solar beam. On a uniformly overcast day, canopy elements throughout the 

full hemisphere would impact measurements for each half hour. In contrast, under clear skies 

leaves in the direction between the below canopy PAR sensor and the sun would have a larger 

impact on the measurements than those outside the line of sight between the sensor and the sun. 

For this reason, manufacturers of commercially available ceptometers, recommend averaging 

several measurements collected at different solar zenith angles (e.g., AccuPAR (METER Group 

Inc., 2020), or SunScan (Webb et al., 2014)). However, this variability can also be considered a 

benefit of both the Simple and Campbell methods as they permit estimation of ὒ from radiation 

transmission measurements at individual angles. In reality, the variability in half-hourly ὒ 

estimates results from the spatial heterogeneity in canopy closure and the resulting alternating 

periods of direct beam exposure and shading on the sub-canopy PAR sensor. This variability 

could thus be used to infer spatial variability in the canopy ὒ under clear skies, from a series of 

repeated estimates representative of discrete areas of the vegetation canopy.  

The Lang-Gonsamo method and Miller method each provide a solution to Millerôs integral by 

eliminating the need for information on the angular distribution of leaves. However, they each 

require sufficient clear sky data to enable a model to be fit. Here, for each daily calculation of 

ὒ, we used 5 days of half-hourly data for each method to ensure sufficient clear sky data for an 

accurate fit. As such, neither method would be appropriate for frequently cloudy sites where 

clear sky data is rarely available, such as tropical rainforest ecosystems. The Lang-Gonsamo 

method provides reasonable results in ὒ; however, plotting ÃÏÓ —ÌÎ† against — reveals that 

the relationship was often non-linear on several days during the study period (Figure 4-5), 

incurring an artificial change in the extinction coefficient, Ὧ. This results from high diffuse 

radiation measured below the forest canopy when the sun is low in the sky. This phenomenon is 

described in its impacts on digital hemispherical photography by Chen et al. (1991). This 

nonlinearity suggests that the Miller integration method, rather than the Lang-Gonsamo linear 

approximation may be a preferable approach to determining ὒ, despite its higher computational 

complexity. When the relationship between ÃÏÓ —ÌÎ† and — is non-linear as shown in Figure 

4-3, the Lang-Gonsamo method with a linear approximation using mostly the data at the middle 

of the range in — values would cause overestimation of ὒ. We therefore suggest the Miller 

method is most reliable when there are sufficient data to cover the full zenith angle range. 

However, the difference between these two methods is small in our study, suggesting that the 
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Lang-Gonsamo method is a good approximation despite these limitations. The Miller method 

relies on integration over the range of solar zenith angles from 0 to 90°, whereas the Lang-

Gonsamo method can be estimated from a subset of solar zenith angles in this range. The Lang-

Gonsamo method may thus be possible to compute when insuffici ent data are available for the 

Miller integration. However, both Miller and Lang-Gonsamo methods make use of radiation 

transmittance data at high zenith angles, at which the influence of the effect of multiple light 

scattering is large, causing considerable underestimation of ὒ. Both methods would thus suffer 

from the limited range of solar zenith angles in high latitude environments where the sun is 

always low in the sky, and measurements are more heavily impacted by the multiple light 

scattering effect.  

In general, we recommend that when conditions are suitable (i.e., clear sky data are available 

across a large range in solar zenith angle), the Miller method should be used. When clear-sky 

data are available across a smaller range in solar zenith angle, the Lang-Gonsamo method is 

more suitable. However, in high-latitude, or cloudy environments, or when data cannot be 

collected across a sufficient range in solar zenith angles for the Lang-Gonsamo or Miller 

methods, the Campbell method would be most appropriate. The Simple method should be 

limited to use when the other three methods cannot be applied, i.e., cloudy or high latitude 

environments, where leaf absorption and mean leaf angle cannot be reasonably estimated. 

4.8. Opportunities for improvements to PAR-based LAI 

estimation 

Although all four methods perform well, each could be improved upon. For instance, over the 

growing season, the Simple and Campbell methods produce larger ὒ values on average than 

those of the Lang-Gonsamo and Miller methods (Figure 4-2). Theory suggests this is mostly due 

to the influence of multiple scattering of light in the canopy on the latter two methods, which 

give larger weighting to the mean contact number (ÃÏÓʃ ÌÎ † ) at larger ɗ where the relative 

influence of multiple scattering is larger (see Equation 4-20). This is because the contribution of 

scattered light in the canopy increases greatly with zenith angle (Figure 4-5).  
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Figure 4-5 Lang-Gonsamo regression plot, showing -cos(ɗ)lnŰ against ɗ. The relationship is slightly non-linear, 
indicating a possible source of error in applying the Lang-Gonsamo linear regression method to this data. 

Although multiple scattering of light would also influence the results from the Simple and 

Campbell methods, especially at high solar zenith angles, the ὒ values at low solar zenith 

angles are less influenced and hence are larger than at other angles. The results in Figure 4-5 

suggest that Lang-Gonsamo and Millerôs methods underestimate ὒ due to multiple scattering. 

An opportunity for further research to address this issue and improve the estimation of ὒ from 

ceptometry would be to separately measure direct and diffuse illumination. For instance, above 

and below canopy measurements of direct and diffuse PAR would allow calculation of direct 

beam transmittance as: 

†
ὖὃὙ ȟ ὖὃὙ ȟ

ὖὃὙ ȟ ὖὃὙ ȟ
 Equation 4-24 

This adjustment would account for the effects of multiple scattering in the canopy which would 

increase transmission due to enhancement of diffuse radiation. Lower values of transmittance 

would in turn result in higher ὒ estimates for the Lang-Gonsamo and Miller methods. The LAI -

2000 minimizes the effects of multiple scattering in the canopy by using a blue-light filter since 

blue light is less scattered by canopy elements than longer wavelengths, and more scattered by 
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the atmosphere thus providing above canopy illumination throughout the full hemisphere 

(Welles and Cohen, 1996; Welles and Norman, 1991). A similar approach utilizing sensors 

restricted to (red or blue) wavelengths where chlorophyll absorption is high rather than the full 

PAR range may similarly help mitigate the effects of scattering within the plant canopy.  

The actual ὒ values differ between the PAR-derived ὒ datasets, the LAI -2000 measurements 

and the MODIS LAI product (Figure 4-2). Nonetheless, these differences are relatively small, 

and have several reasonable explanations: the MODIS pixel is large compared to the region 

within view of the sub-canopy PAR sensor, and slightly overlaps an area of pine plantation north 

of the study site. The pine plantation can be expected to have higher LAI than the broadleaf 

forest. However, this does not account for the lower MODIS-derived LAI in winter, as the 

coniferous plantation would maintain high LAI throughout the year, and likely results from 

sensitivity of the MODIS LAI product to snow cover (Tian, 2004). Another possible explanation 

for differences is that the MODIS C6 LAI algorithm interfaces with the Land Cover Product 

(MCD12Q1) to derive LAI based on a bidirectional reflectance function and look up table based 

on vegetation type. The Borden Forest pixel is misclassified as Savanna rather than Deciduous 

Broadleaf Forest in the land cover product which may introduce errors into the MODIS LAI 

results. The transect used for the LAI -2000 measurements is also spread over 100 m, whereas 

the subcanopy PAR sensor is stationary effectively providing a point measurement, leading to 

differences in the area sampled. Future efforts to improve PAR-based estimation of ὒ should 

include deployment of multiple below canopy PAR sensors to better match the spatial sampling 

scheme used for validation by other approaches, such as LAI -2000 or litterfall measurements. 

Despite the differences in total magnitude, the ὒ measurements derived here from subcanopy 

PAR are highly linearly correlated with independent measurements of ὒ, with Pearson 

correlation coefficients exceeding 0.7 for all methods as compared to MODIS LAI and LAI -

2000. The Campbell, Lang-Gonsamo, and Miller estimates also closely follow the seasonal 

phenology of LAI -2000 measurements. Should the LAI -2000 be considered the standard for a 

particular site, linear regression models such as those reported in Table 4-2 would allow 

prediction of LAI -2000 values between measurement dates from PAR data alone. The Miller 

method predicted LAI -2000 measurements with R2 = 0.84 and residual standard error of 0.84 

m2/m2, whereas the Campbell method predicted LAI -2000 measurements with R2 = 0.81 and 
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residual standard error of 0.55 m2/m2. The PAR-based methods can thus be used to fill gaps in 

the time series available from other sources.  

4.8.1. Implication for understanding and modelling of phenological 

processes 

Although considerable efforts have been dedicated towards understanding the environmental 

factors that impact the timing of plant phenology, significant gaps remain. Spring budburst is 

thought to respond primarily to temperature, though in complex ways (Piao et al., 2019). While 

it is generally recognized that water availability, chilling requirements, and photoperiod may 

also play some role, their relative importance is complex and may vary widely between plant 

species (Badeck et al., 2004; Piao et al., 2019; Polgar and Primack, 2011). Fall leaf coloring 

seems to be primarily dictated by photoperiod, but the process and its sensitivity to other factors 

remains poorly understood (Estiarte and Peñuelas, 2015). The phenology modelling community 

is limited by the availability of data, often relying on short term manipulation experiments that 

may not adequately account for long term adaptations to climate change, on satellite records that 

have at best a temporal resolution of several days, or on citizen science datasets that are 

collected with inconsistent quality (Chuine, 2000; Chuine and Beaubien, 2001). 

Many existing LAI datasets, including those derived from both satellite and ground based 

phenocams, rely heavily on greenness and thus leaf color to detect the presence of leaves. This 

can lead to challenges in autumn when senescent leaves may be present. In many years 

throughout the study period, MODIS start- and end-of-season precedes both the start- and end-

of-season as compared to PAR-based methods calculated in this study. This echoes the 

challenges phenology researchers have outlined when using satellite derived phenology 

products. Understory green up significantly precedes green up of the overstory, leading to an 

early signal in characterizing LAI for the ecosystem from satellite platforms (Ahl et al., 2006). A 

summer green down precedes leaf drop as MODIS LAI products are derived from greenness and 

would thus decrease with decreasing leaf pigments before leaves physically fall from the trees 

(Elmore et al., 2012). This finding has implications for the use of remotely sensed data in 

representation of canopy structure within terrestrial ecosystem models as shorter growing season 

may lead to underestimation of the carbon uptake period compared to reality. Accurate 
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characterization of seasonal timing is thus critical to accurate prediction of carbon fluxes from 

model-based approaches. An advantage of all the PAR based methods presented here is the 

temporal continuity of the ὒ data, permitting a precise quantification of phenological events. 

This is particularly important in spring and fall periods, when both MODIS and the LAI -2000 

measurements are too sparse to capture the exact timing of budburst, full leaf expansion, the 

onset of senescence, and leaf fall. The difference is particularly striking in spring owing to the 

short time period between budburst and leaf expansion (Croft et al., 2015). The dataset 

presented here is also largely independent of leaf color and would allow for the separation of 

leaf presence and leaf color that can be convoluted in other datasets. 

4.9. Conclusion 

The objective of this study was to explore the feasibility of deriving LAI and leaf phenology 

metrics from a long record of PAR measurements. At the Borden Forest, the availability of sub-

canopy PAR data precedes the availability of other long time series LAI estimates such as 

satellite or phenocam data. We used these methods to derive temporally continuous 

measurements of seasonal and interannual variability in ὒ over a period spanning nearly 20 

years. 

All four methods described provide reasonable magnitudes and seasonal patterns of effective 

leaf area index, ὒ, on a daily timescale throughout the measurement period. 

All four methods described show strong linear relationships with independent measurements of 

ὒ from an LAI -2000 instrument and MODIS LAI. The Miller method showed the strongest 

relationship with manual LAI -2000 measurements (R2=0.84, p<0.001, SE=0.40). 

MODIS LAI presented earlier start of season and earlier end of season dates than the daily PAR-

based ὒ in many years in the 20-year dataset. This suggests systematic biases of MODIS in the 

assessment of the growing season. 

Application of the methods presented here will allow users to fill the gaps between manual or 

satellite derived measurements of ὒ, facilitating precise determination of phenological events. 

Application of these methods can thus improve the representation of phenological events in 

phenology process modelling, or the representation of canopy structure in terrestrial ecosystem 
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models. Such approaches hold broad potential to provide valuable insight into the dynamic 

responses of vegetation to global climate change.  

While the data presented here are from a single site, the instrumentation required is not 

uncommon. In fact, 36 other sites within the AmeriFlux network report above and below canopy 

PAR measurements. We plan to extend this work across the available data in the AmeriFlux and 

FLUXNET networks to develop a large LAI dataset for use in terrestrial ecosystem models and 

validation of satellite LAI datasets. The resulting study will augment the information available 

from other approaches, such as phenocam networks (Richardson et al., 2018), allowing for 

greater confidence in representation of canopy structure. The benefit of the methods described in 

this study are not in improving the accuracy of existing methods but rather in the temporal 

continuity with which consistent measurements can be obtained with minimal effort or expense. 

Highly accurate light sensors are widely available, easy to cross-calibrate, and can be widely 

deployed in low-cost autonomous systems.  
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Chapter 5 
Temporal covariation between spectral indices, leaf traits, and 

fluxes of CO2 at the Borden Forest 

 

5.1. Abstract 

In this study we examine whether complimentary information from the photochemical 

reflectance index (PRI) and solar induced fluorescence (SIF) can be used together to improve 

monitoring of gross primary productivity (GPP) from remote sensing of physiological changes 

in the forest canopy. We report a suite of concurrent observations of spectral, environmental, 

and physiological data at leaf and canopy scales at the Borden Forest Research Station, a long 

term AmeriFlux site. 

We find that differences between tree speciesô leaf optical properties and phenologies lead to 

spatial variation in multi angular spectral observations that is most significant in spring and fall. 

The PRI signal is not always detectable at leaf scale and reverses in sensitivity to light stress on 

senescent leaves. SIF performs better than absorbed photosynthetically active radiation (APAR) 

in predicting GPP, but these relationships are improved only marginally by inclusion of PRI. 

PRI is related to LUE through seasonal variations in canopy chlorophyll and structure, but tracks 

LUE poorly in the peak growing season, when variations in structure and leaf biochemistry are 

small. 

Importantly, our findings suggest that PRI may not improve the ability to assess light 

partitioning through photochemical, nonphotochemical quenching, and fluorescence pathways 

as deduced from spectral information. Nonetheless, the index tracks seasonal variations in light 

use efficiency that may yet prove useful. 

Finally, we explore the ability of the near infrared reflectance of vegetation (NIRv) to account 

for canopy structural variability in the SIF signal and find that NIRv outperforms a physically 

based angular normalization scheme. 
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5.2. Introduction 

Estimating gross primary productivity (GPP) from space has long been a goal of the scientific 

community (Grace et al., 2007), and is more important than ever in todayôs era of global climate 

change. Combined effects of CO2 fertilization (Ainsworth and Long, 2004; Piao et al., 2019; 

Sun et al., 2014; S. Wang et al., 2020), changing patterns of precipitation, temperature and 

drought (Anderegg et al., 2019; Sage and Kubien, 2007; Wu et al., 2011), changing growing 

season length (Barr et al., 2004; Gonsamo and Chen, 2016; Piao et al., 2019), and changing 

disturbances such as fires, herbivory, and disease (Hilker et al., 2009; Y Pan et al., 2011), all 

concurrently impact the terrestrial biosphere in ways that are difficult to predict and in turn 

create feedbacks to the climate system (Green et al., 2017; Piao et al., 2019). Global forests are 

currently thought to provide a net carbon sink (Y. Pan et al., 2011) and as a result natural 

climate solutions such as tree planting programs have captured the attention in areas of corporate 

and personal efforts to combat climate change (Joppa et al., 2021). However, the global capacity 

and effectiveness of such solutions have drawn considerable scrutiny and debate within the 

scientific community (Bastin et al., 2019b, 2019a; Friedlingstein et al., 2019; Grainger et al., 

2019; Lewis et al., 2019; Skidmore et al., 2019; Veldman et al., 2019), and indeed it is well 

established that many forests are carbon neutral, with those recently disturbed acting as net 

sources of carbon to the atmosphere (Chen et al., 2003). The potential for global forests to shift 

from sink to source, as well as the proliferation of tree planting programs, further increases the 

need to monitor the carbon uptake of vegetation from the atmosphere. 

Solar induced chlorophyll fluorescence (SIF) presents a transformative change in remote 

monitoring of GPP. SIF is a faint re-emission of absorbed photons by chlorophyll, and thus a 

direct observation of the interaction between light and the photosynthetic apparatus of live 

vegetation (Frankenberg and Berry, 2018). SIF measurements from satellite and GPP have been 

observed to vary directly at global scales (Frankenberg et al., 2011; Guanter et al., 2014, 2012; 

Joiner et al., 2016, 2013; Yang et al., 2015; Y. Zhang et al., 2016) presenting a new method to 

monitor the response of the land surface and changes in its ability store carbon from space.  

The use of fluorescence in photosynthesis research has a long history, predating the ability to 

separate the faint contribution of fluorescence from the overwhelming reflectance of vegetation 

under solar illumination. Pulse-amplitude modulated (PAM) fluorometry employs saturating 
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light pulses to characterize the pathways for light absorbed by chlorophyll (Maxwell, 2000), a 

technique that is not possible with SIF, which uses the sun as a passive light source. Thus far, 

PAM fluorometry is limited to the leaf scale with a few exceptions (Atherton et al., 2019). There 

thus remain open questions linking the mechanisms of SIF variation at canopy and larger scales 

to the nuanced insights gained from PAM fluorometry at leaf scale. Addressing these challenges 

would enable a more nuanced interpretation of the meaning of SIF and hold promise for 

untangling the physiological partitioning of light by vegetation at global scale from space 

(Porcar-Castell et al., 2021).  

This challenge is not trivial. The relationship between fluorescence and photosynthesis is 

complex and differs between the scale of an individual leaf and the scale of an entire plant 

canopy. At leaf scales, only residual energy is fluoresced, that is, the excess energy that remains 

after photochemical quenching (qP), non-photochemical quenching (NPQ), and heat dissipation 

(Maxwell, 2000; Porcar-Castell et al., 2014). These processes thus serve to modulate the 

fluorescence signal. As a result, the leaf-scale relationship between fluorescence and 

photosynthesis is nonlinear and holds information on the partitioning between competing 

physiological processes. At global scales, a linear relationship between SIF and GPP has been 

observed (Frankenberg et al., 2011; Guanter et al., 2014, 2012; Joiner et al., 2016, 2013; Yang et 

al., 2015; Y. Zhang et al., 2016), despite the curvilinear relationship between fluorescence and 

GPP expected from theory (Gu et al., 2019; van der Tol et al., 2014) and observed over small 

spatial and short temporal scales (Magney et al., 2019a). The scientific community has dedicated 

substantial efforts to attributing this linear relationship to mechanistic explanations, a 

challenging endeavour as SIF is affected by variations in space and time in the amount of 

chlorophyll in each leaf (Chlleaf), and how leaves are arranged (e.g., leaf area index (LAI) and 

leaf inclination angle (LIA)), which in turn impact how much light is absorbed by the vegetation 

canopy (APAR, or absorbed photosynthetically active radiation), how much of the absorbed light 

is re-emitted as fluorescence (SIF yield), and whether this light is able to escape the canopy or is 

reabsorbed by neighbouring leaves (fesc, escape probability) (Verrelst et al., 2015). Porcar-

Castell et al. (2021) outline a roadmap of multidisciplinary research needed to resolve 

mechanistic connections between SIF and GPP through observations of photosynthesis, 

structure and physiology at multiple scales. This would enable interpretation of SIF beyond the 

current empirical relation with GPP by revealing the physiological processes involved in 

photosynthesis. 
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One avenue which may improve understanding of GPP-SIF linkages is through monitoring of 

processes that compete with both photochemistry and fluorescence for excitation energy 

(Porcar-Castell et al., 2014). Chlorophyll fluorescence is modulated by non-photochemical 

quenching (NPQ) ï i.e., quenching (reductions in fluorescence) not resulting from 

photochemistry. The predominant process responsible for NPQ is fast changes in the 

epoxidation state of xanthophyll pigments, which serve to harvest excess light energy and 

facilitate its dissipation as heat. Through the xanthophyll cycle, plant tissues avoid damage, or 

photoinhibition, of the photosynthetic apparatus under conditions of excess light (Demmig-

Adams and Adams, 1996). The photochemical reflectance index (PRI) is a spectral index with a 

long history of tracking fast physiological changes in leaves due to its ability to detect spectral 

changes in green reflectance at a wavelength of 531nm associated xanthophyll pigment 

interconversions. Specifically, excess light triggers de-epoxidation of the xanthophyll cycle (i.e., 

conversion of violaxanthin to antheraxanthin and then zeaxanthin), lowering reflectance at 

531nm (Gamon et al., 1990). PRI normalizes 531nm reflectance against that at 570nm to 

separate changes in this signal from overall differences affecting the complete spectrum of 

reflectance (Gamon et al., 1992). The ability to detect NPQ from space is a promising avenue to 

complement the insights we can infer from SIF measurements. Though PRI has been touted in 

its ability to track light use efficiency, a quantitatively reliable model for retrieving LUE from 

PRI remains elusive (Garbulsky et al., 2011; C. Zhang et al., 2016). 

In this study we examine whether complimentary information from PRI and SIF can be used 

together to improve GPP detection from remote sensing through monitoring of physiological 

changes in the forest canopy. We aim to contribute to filling the data gaps through a suite of 

concurrent observations of spectral, environmental, and physiological data at leaf and canopy 

scale at the Borden Forest Research Station, a long term AmeriFlux site. 

We first characterize the variability in leaf traits and chemistry throughout the growing season. 

We then examine the strength of the PRI response to light stress at leaf scale throughout the 

growing season. Next, we assess temporal covariation in SIF, PRI and environmental causes for 

changes in GEP at canopy scale. Finally, we investigate the quantitative relationships between 

GEP and spectral indices 
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5.3. Methods 

5.3.1. Study site 

All measurements were collected at the Borden Forest Research Station operated by 

Environment and Climate Change Canada in Southern Ontario, Canada (44° 19ǋ N, 79° 56ǋ W). 

The facility, first established in 1984 houses a 44m instrumented tower and has provided eddy 

covariance measurements of carbon, water and energy fluxes nearly continuously since 1995 

(Froelich et al., 2015).  

5.3.2. Automated measurements 

5.3.2.1. Flux methods 

Fluxes were determined using the eddy covariance method, which relates covariance of the 

vertical component of the wind speed with fluctuations of a scalar property of interest (e.g., 

CO2, water vapor concentration, or temperature). Fluxes of carbon were determined from the 

vertical movement of air and its CO2 concentration as: 

 Ὂ
” ύὅὕ 

ὓ
 Equation 5-1 

where ”  is the air density, ὓ  is the molar mass of air, and ύὅὕ  is the vertical 

turbulent flux of CO2 corrected for fluctuations in air density resulting from fluctuations in 

humidity following the procedure of Webb et al. (1980) (WPL correction).  

The net ecosystem exchange of CO2 was then calculated from the CO2 flux and change in 

storage in the atmosphere below 33m, determined from measurements of the CO2 concentration 

profile as the integral of the change in CO2 concentration over time, with respect to height: 

 Ὓ
Ўὅὕ

Ўὸ
Ὠᾀ Equation 5-2 
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To correct for systematic underestimation of fluxes during conditions of low turbulence, data 

were excluded below a friction velocity (u*) threshold of 0.3 m/s. 

All data were further checked for quality issues that often result from instrument or computer 

malfunction, power outages or bad weather. Data outside a reasonable range were excluded 

along with any parameters calculated from the questionable data points.  

Flux partitioning and gap filling were achieved following Barr et al. (2004). Small gaps are first 

filled by linear interpolation. Measured respiration (R) is determined as nocturnal and cold 

season net ecosystem exchange (NEE) when the photosynthetic flux is known to be zero, and an 

empirical relationship with soil temperature is derived as: 

 Ὑ  
ὶ

ρ ÅØÐ ὶὶ Ὕ  
 Equation 5-3 

Modelled versus measured R is then regressed on a moving window of 100-data points. To 

determine a time varying adjustment to Equation 5-3.  

 Ὑ  
ὶ ὸὶ

ρ ÅØÐ ὶὶ Ὕ  
 Equation 5-4 

The resulting model is used to estimate daytime R and fill gaps in nighttime flux data. Gross 

ecosystem productivity (GEP) is then estimated as the difference between NEE and the resulting 

R. Gaps in GEP are then fit to an empirical model: 

 ὋὉὖ
ὃ ὖὖὊὈ

ὖὖὊὈὯ
 Equation 5-5 

where Amax is light-saturated GEP, and ὖὖὊὈ is incident photosynthetically active radiation 

(i.e., photosynthetic photon flux density), and k is an empirical constant. The time varying 

regression slope of modelled versus measured GEP is then determined on a moving window of 

100 data points, and introduced as an adjustment to Equation 5-5: 

 ὋὉὖ
ὴ ὸὃ ὖὖὊὈ

ὖὖὊὈὯ
 Equation 5-6 

The resulting time varying relationship is then used to fill gaps in GEP. Finally, gaps in NEE are 

filled from the difference between gap-filled GEP and R.  
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Note, since we aim to investigate mechanisms for the relationship between SIF and GEP, and 

between PRI and light dissipation processes, this dependence of the gap-filling procedure  on 

incident PPFD could impact results. We thus restrict our analyses to the non-gap-filled fluxes, 

and light use efficiency is calculated based on unfilled GEP data. 

 ὒὟὉ
ὋὉὖ

ὃὖὃὙ

ὋὉὖ

ὖὖὊὈ ὖὖὊὈ ὖὖὊὈ
 Equation 5-7 

While GPP and GEP are conceptually similar, the terms are not directly interchangeable 

(Chapin et al., 2006; Wohlfahrt and Gu, 2015). Throughout this chapter, we use the term GEP 

when referring to fluxes measured by eddy covariance at the Borden tower. 

5.3.2.2. Canopy spectrometer system 

In order to collect multi-angular measurements of canopy spectral reflectance as well as solar 

induced fluorescence, a dual channel spectrometer (Unispec-DC, PP Systems, Amesbury MA) 

was installed on the tower at a height of 38m from May to November of each year in the study 

period. The Unispec-DC has a range of 300-1100 nm with a spectral sampling interval of 3.3nm 

and Rayleigh resolution of less than 10nm. The instrument was housed in a weatherproof 

enclosure. The upward facing detector was levelled and fitted with a cosine corrector. The 

downward facing probe was installed on a pan-tilt device that cycled between zenith angles of 

43, 48, 53, and 58 degrees and azimuth angles ranging from 0 to 360 degrees. The rotation of the 

pan-tilt device and the acquisition of data was triggered by a custom control software developed 

in MATLAB (The Mathworks Inc., 2017). 

5.3.2.2.1. Dark current and cross calibration 

All measurements were corrected for instrument dark current as a function of instrument 

temperature. The instrument was run in a dark enclosure with channel ports covered tightly in 

aluminum foil. The system was acclimated to a range of temperatures and a highly linear 

relationship between instrument dark current values and detector temperatures was derived for 

each of the 256 spectral sampling intervals on both instrument channels. Measurements were 
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corrected for dark current by subtracting the dark current value predicted as a linear function of 

the instrument temperature, channel, and spectral sampling interval. 

The sensor channels were cross calibrated by pointing both probes toward zenith and covering 

with a diffusive dome, thereby ensuring consistent illumination of both spectrometer channels. 

The cosine corrector was fitted to the downwelling probe during this cross-calibration procedure 

to also account for attenuation through of illumination through the cosine corrector. For each 

detection wavelength, the dark correction was first applied. A linear regression through the 

origin between upwelling and downwelling channelsô digital numbers was calculated for each 

3.3 nm sampling interval between 330 and 1100 nm to determine the relative sensitivity 

(regression slope) of each channel (R2 > 0.93 for all wavelengths and R2 > 0.99 between 400 and 

1,000 nm). This regression slope is equivalent to the cross-calibration ratio presented by Gamon 

et al. (2015). 

5.3.2.2.2. Reflectance and fluorescence calculations 

Reflectance was calculated accounting for the relative sensitivity of each channel as: 

 
Ὑ

ὖ  
ὖ 

ὅὅ
 

Equation 5-8 

where Rɚ is reflectance at wavelength ɚ, Prɚ,target is the dark corrected target radiance at 

wavelength ɚ, Piɚ,sky is the dark corrected sky irradiance at wavelength ɚ, and CCɚ is the cross-

calibration ratio calculated as the slope of the cross calibration model for wavelength ɚ. 

We used digital numbers from upwelling and downwelling channels of the spectrometer, within 

and outside the O2-A band in order to retrieve SIF in arbitrary units. Since fluorescence is not 

calculated from reflectance, the cross-calibration ratios between the two detectors at 760 and 

756.7 nm were used to correct the SIF calculation for relative sensitivity between the two 

instrument detectors as follows: 

 ὛὍὊ
ὅὅ ȢὉ Ȣ ὒ ὒ Ȣ ὅὅ Ὁ

ὅὅ ȢὉ Ȣ ὅὅ Ὁ
 Equation 5-9 



 

110 

where CCɚ refers to the relative sensitivity of the downwelling channel to the upwelling channel, 

Ὁ is the solar irradiance at wavelength ‗, and ὒ is the target radiance at wavelength ‗. 

As a spectrometer with sub-nanometer spectral resolution would be preferable for quantifying 

the SIF signal, we applied additional quality assessment of the SIF data: since SIF should only 

occur over vegetated targets, we verified that spatial variability in SIF varied with spatial 

variability in NDVI. We also verified that seasonal variability in SIF yield generally follows 

canopy chlorophyll content assessed via laboratory quantification as well as NDVI values. 

5.3.2.2.3. Angular normalization of SIF 

We follow the procedure of He et al. (2017) to normalize SIF measurements to top-of-canopy 

and hotspot directions. In any particular viewing direction, the sunlit canopy fraction in the field 

of view will dominate the SIF signal as significantly more light interacts with chlorophyll in the 

sunlit canopy fraction than in shadow. It follows that variability in observed SIF can result from 

view-illumination geometry alone without true changes in the total canopy emission. Thus, it is 

necessary to account for these bidirectional effects in interpretation of SIF. The SIF signal in the 

observation direction will be comprised of dissimilar SIF emissions from the sunlit and shaded 

portions of the canopy as well as a contribution from multiple scattering of the SIF signal. This 

observed SIF signal can thus be decomposed as follows: 

 ὛὍὊ ὛὍὊ ὒ ὛὍὊ ὒ ‌ ὛὍὊ ὒ  Equation 5-10 

The proportion of sunlit and shaded canopy varies with the alignment between the observation 

and illumination angle ï i.e., if the canopy is observed and illuminated from the same direction 

only sunlit leaves will be in view as leaves and other objects will obscure their own shadows 

(the hotspot direction) whereas if the observation and view angles are far from one another more 

shaded canopy will be observed. The four-scale model separates the sunlit and shaded canopy 

based on the probability a ray will penetrate the canopy both from the source of illumination to 

the leaf, and from the leaf to the sensor (Chen and Leblanc, 1997).  

The total sunlit LAI can be expressed as the probability that the sun will penetrate the canopy of 

height, h, to a depth, z.  
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Equation 5-11 

And likewise, the probability that leaf area is viewed from the view direction is: 

 ὒ  ς‘ ρ ÅØÐ
πȢυϽὒɱ

‘
 Equation 5-12 

Where ‘ and ‘ denote the respective cosines of the solar and view zenith angles. 

The probability of viewing sunlit leaf area is the probability that the leaf is both illuminated and 

viewed. Thus, the sunlit leaf area can be expressed as the product of Lsun and Lv. 
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Equation 5-13 

When the vegetation canopy is illuminated and viewed from the same angle, the viewer 

observes the canopy through the same canopy gap as it is illuminated. However, when the view 

angle differs from the illumination angle the view and illumination of the same portion of the 

canopy would be through different canopy gaps. As such the probability of viewing and 

illuminating a portion of the plant canopy is identical when ɝ is 0 (i.e., the view and illumination 

angle are the same), and differ most when ɝ is large. The hotspot kernel function of Chen and 

Cihlar (1997) can correct for this correlation by ranging between 0 when the paths of view and 

illumination are dissimilar, and 1 when the view and illumination occur through the same 

canopy gap.  

 Ὂ‚ ÅØÐ‚Ⱦ“ὅ Equation 5-14 
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where C represents the hotspot width and relates to the size of canopy gaps (typically set to 

12.5° for forests, and 8.33° for other land cover types (He et al., 2017)), and ‚ can be determined 

from: 

 ÃÏÓ‚ ÃÏÓ—ÃÏÓ— ÓÉÎ—ÓÉÎ—ὧέίɮ 
Equation 
5-15 

where ɮ is the angle between the solar and view azimuth directions. The corrected sunlit leaf 

area then becomes: 

 ὒίόὲὺ ὒ ὒ ὒ Ὂ‚ Equation 5-16 

In other words, when observing the hotspot, Ὂ‚ = 1 and ὒ ὒ  and when outside the 

hotspot Ὂ‚ is zero and ὒ ὒ . At the proximal scale used in this study, the view and 

illumination directions are rarely the same; thus, Ὂ‚ was simply set to zero rather than 

calculated from Equation 5-14 and Equation 5-15. However, Ὂ‚ would be more important to 

consider for satellite-based SIF measurements where the view and illumination angles are more 

likely to align. 

Visible shaded leaf area can then be determined from the difference between the amount of total 

leaf area in view and the sunlit leaf area in view: 

 ὒ ὒ ὒ  Equation 5-17 

Finally, SIF emission can be expressed as follows: 

 

ὛὍὊ ὛὍὊὒ ὛὍὊ ὒ ‌ὛὍὊὒ

ὛὍὊ ὒ
ὒ

‍
‌ὒ  

Equation 5-18 

where ɓ is the ratio of sunlit to shaded SIF emission (ὛὍὊȾὛὍὊ ), and Ŭ is a multiple scattering 

factor (He et al., 2017). This permits calculation of the sunlit, hotspot, and total SIF (SIFs, SIFh, 

and SIFt, respectively) as:  

 
ὛὍὊ

ὛὍὊ

ὒ
ὒ

‍
ὒ‌

 Equation 5-19 



 

113 

 ὛὍὊ ὛὍὊὒ  Equation 5-20 

 ὛὍὊ ὛὍὊ ὛὍὊ ὒ ὒ  Equation 5-21 

As the angular normalization scheme relies on the solar position to separate sunlit and shaded 

leaf area, the scheme is not accurate under diffuse illumination (i.e., cloudy skies). We thus limit 

analysis of the performance of the angular normalization scheme to clear skies.  

5.3.2.3. Automated leaf area index monitoring 

Leaf area index was estimated from the attenuation of photosynthetically active radiation 

through the forest canopy using the óCampbell Methodô described in Rogers et al. (2021) (see 

Section 4.5.4.2).  

5.3.3. Field data collection 

5.3.3.1. Species sampled 

The Borden forest is comprised of a mixture of Acer rubrum L. (52%), Pinus strobus L. 

(13.5%), Populus grandidentata Michx. (7.7%), Fraxinus americana L. (7.1%), and Pinus 

resinosa Ait. (1.9%), with other hardwood species accounting for the remaining 20% of species 

composition (Lee et al., 1999; Teklemariam et al., 2009). All leaf sampling and measurements 

were carried out on trees accessible at the top of the forest canopy from the Borden tower at a 

height of approximately 22m. The leaves of three trees of different species can be safely 

accessed from the tower at this height: Fraxinus americana L.(white ash), Acer rubrum L. (red 

maple), and Populus grandidentata Michx.(bigtooth aspen). Additionally, sampling prior to 

2017 included a fourth tree, Populus tremuloides, which lost a limb and became unsafe to access 

from the tower in early 2017. These species, though all members of the deciduous broadleaf 

plant functional type, differ in successional strategy, and autecology. Populus grandidentata 

Michx. is an early successional species, that is fast growing and intolerant of shade. Acer rubrum 

is adaptable to diverse conditions and tolerant of both drought and swampy soils. Shade tolerant, 

A. rubrum tends to replace poplars over time, a successional process consistent with 
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observations at the Borden Forest. Fraxinus americana was once widespread in Ontario but is 

now quickly declining due to invasion by Agrilus planipennis, the Emerald Ash Borer beetle 

which likely arrived in North America in the early 1990s.  

 

Figure 5-1 North American range of Populus grandidentata, Fraxinus americana, Acer rubrum and Populus 
tremuloides 

5.3.3.2. Leaf reflectance measurements 

Leaf reflectance measurements were collected on the three sampled species throughout the 2018 

growing season using an ASD FieldSpec Pro spectrometer and a contact probe with an 

integrated light source. The spectrometer has a range of 350-2500nm and nominal spectral 

sampling interval of 1nm. Approximately 15 top-of-canopy leaves of each tree species 

accessible from the tower were measured, with fewer measurements per species in autumn due 

to there being fewer leaves accessible within safe reach of the tower. Vegetation indices were 

calculated from the reflectance spectra as follows: 
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Table 5-1 Spectral indices used in this study 

Index Formula Usage Reference 

NDVI Ὑ Ὑ

Ὑ Ὑ
 

Greenness (Rouse et al., 1973) 

MNDVI8 Ὑ  Ὑ

Ὑ Ὑ
 

Greenness (Mutanga and 

Skidmore, 2004) 

Macc01 Ὑ Ὑ

Ὑ Ὑ
 

Chlorophyll Content (Maccioni et al., 

2001) 

ARI Ὑ  ɀ Ὑ  Anthocyanin Content (Gitelson et al., 2001) 

CRI Ὑ  ɀ Ὑ  Carotenoid Content (Gitelson et al., 2002) 

PRI Ὑ Ὑ

Ὑ Ὑ
 

Xanthophyll Cycle 

activity 

(Gamon et al., 1992) 

Leaf reflectance measurements were also collected over dark-adapted leaves in order to observe 

the change in the reflectance spectra associated with a transition from a dark-adapted state to 

light exposed. A leaf of each species was wrapped in aluminum foil upon arrival at the site 

around 10am. Upon completion of other work, around 1:30pm, dark-adapted leaf reflectance 

was measured immediately upon unwrapping the leaf, and subsequent measurements were 

triggered as quickly as the instrument could be triggered for a period of approximately 1 minute. 

This experiment replicates the design of Gamon et al. (1990) which first reported the 531nm 

signal associated with xanthophyll cycle activity in sunflowers. We aimed to confirm the 

signalôs presence throughout the growing season in the foliage of species at the Borden site and 

characterize any seasonal variability in the signal. 

5.3.3.3. Leaf gas exchange and fluorometer measurements  

Leaf CO2 response (A-Ci) curves were measured on top-of-canopy leaves throughout the 2017 

and 2018 growing season using an LI-6400xt photosynthesis system fitted with a 6400-40 Leaf 

Chamber Fluorometer (LI-COR, Lincoln NE, USA) following the methods of Croft et al. 

(2017). This method allows for consistency with previously collected data from 2014-2016. For 

each measurement date, an A-Ci curve was measured in situ on one leaf of each of the tree 

species accessible from the flux tower. The instrument was allowed to warm up for 30 minutes 

prior to measurement. For each measurement, the temperature was set to 25°C, and humidity 

was monitored throughout measurement and maintained between 40-60%. The leaf was clipped 

into the leaf chamber and allowed to acclimate to chamber conditions. Upon stabilization of leaf 
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photosynthesis, and stomatal conductance the A-Ci curve measurement was initiated. The 

sequence of CO2 concentrations in ɛmol CO2 mol-1 air was 400, 200, 100, 50, 400, 600, 800, 

1000, 1200, 1500, 1800. In early spring and late fall, when the rate of carbon assimilation was 

small, curve fitting can be difficult due to low photosynthetic capacity. The CO2 concentrations 

2000, and 2200 ɛmol CO2 mol-1 air were added to the A-Ci curve measurement sequence in 

spring and fall.  

The leaf was held at each CO2 concentration for a minimum of 2 and maximum of 5 minutes, 

with measurements taken upon stabilization of measured parameters. Each curve took between 

45 and 75 minutes, with values continuously monitored throughout the measurement. In some 

cases, a leaf would detach from the tree during measurement ï in these instances, the 

measurement was restarted on a new leaf. 

A-Ci curves were screened for quality, and consistency in relative humidity and stomatal 

conductance throughout the full measurement procedure. One curve was subsequently excluded 

from the dataset. Remaining A-Ci curves were fit with the Farquhar photosynthesis model 

(Farquhar et al., 1980) to derive Vcmax and Jmax corrected to 25Á using the ñPlantecophysò R 

package (Duursma, 2015; R Core Team, 2020) using the batch processing function ófitacisô. 

Data points were excluded from a curve if incident PAR fell outside the range 1500-1850, 

intercellular CO2 concentration (Ci) was less than 0 or greater than 2000 ppm, or photosynthesis 

fell outside the range between -20 ɛmol/m2/s and 50 ɛmol/m2/s.  

Leaf fluorescence was measured concurrent with A-Ci curves using the LI-6400xt and the built-

in Flr-ACi Curve auto program. This program exposes the leaf to a saturating light pulse and 

records Foô, Fmô, Fs, Fvô/Fmô prior to each record of photosynthesis. 
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Figure 5-2 A typical fluorescence trace during a complete CO2 response curve. The data shown was collected on a 
top-of-canopy Populus grandidentata leaf on May 26, 2017 

In order to collect fluorescence parameters for dark-adapted leaves, 3-4 leaves of each species 

were wrapped in aluminum foil upon arrival at the field site. After all other field measurements 

were complete, the LI-6400xt actinic light was turned off for dark-adapted fluorescence 

measurements. For each tree species, the dark-adapted leaves and leaf chamber fluorometer 

were enclosed in a blackout curtain to prevent light exposure as the leaf was transferred to the 

fluorometer chamber. Each leaf was clipped into the chamber, allowed a period of three seconds 

to acclimate to the chamber and reach a basal fluorescence level (Ὂ), and a saturating pulse was 

initiated to measure maximal fluorescence (Ὂ ). 

These measurements permit calculation of the following parameters as described in depth by 

Maxwell, (2000) and Murchie & Lawson (2013): 

Non-Photochemical Quenching:  
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 ὔὖὗ
Ὂ Ὂ

Ὂ
 

Equation 
5-22 

Maximum efficiency of PSII: 

 
Ὂ

Ὂ

Ὂ Ὂ

Ὂ
 Equation 5-23 

Maximum efficiency of PSII in the light: 

 
Ὂᴂ

Ὂᴂ

Ὂᴂ Ὂᴂ

Ὂᴂ
 Equation 5-24 

5.3.3.4. Leaf sampling and biochemical analysis 

Five leaf samples of each species were collected, placed on ice, and transported to a laboratory 

for extraction and quantification of chlorophyll a and b contents, carotenoid content, leaf water 

content, and specific leaf area.  

A single hole punch was used to remove two discs, each with an area of 0.283cm2, from each 

leaf. Discs were weighed and were then placed in 4mL of N,N-dimethylformamide for a 

minimum of two weeks and stored in a freezer at -10°C to permit full extraction of the leaf 

chlorophyll. Upon complete extraction, leaf chlorophyll and carotenoid content were quantified 

from absorbance of the solution using a Shimadzu UV-1700 spectrophotometer at 663.8nm, 

646.8nm, and 480nm following the method of Wellburn, (1994). 

 ὅὬὰ ὥ ρς ὃ Ȣ σȢρρὃ Ȣ Equation 5-25 

 ὅὬὰ ὦ ςπȢχψὃ Ȣ τȢψψὃ Ȣ Equation 5-26 

 ὅὥὶέὸὩὲέὭὨί
ρπππὃ ρȢρςὅὬὰ ὥ στȢπχὅὬὰ ὦ

ςτυ
 Equation 5-27 

where Aɚ is the absorption coefficient at wavelength ɚ. 

Solution concentrations were converted to areal units as follows: 
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ὅέὲὧὩὲὸὶὥὸὭέὲ ὦώ ὃὶὩὥ

 
ὧέὲὧὩὲὸὶὥὸὭέὲ ὦώ ὺέὰόάὩ ίὥάὴὰὩ ὺέὰόάὩ

ίὥάὴὰὩ ὥὶὩὥ

ὧέὲὧὩὲὸὶὥὸὭέὲ ὦώ ὺέὰȢτάὒ

ς ὰὩὥὪ ὨὭίὧί πȢςψσὧά ȾὨὭίὧ
 

Equation 5-28 

5.4. Results 

5.4.1. Seasonality of leaf traits, biochemistry, and leaf optical properties 

Figure 5-3 shows how the data collected in this study fit into long-term monitoring of leaf traits 

at the Borden Forest research station. Vcmax and Jmax measurements were collected from 2014-

2018, with fluorometer measurements commencing in 2015. In late 2015, a dark adaption 

protocol was added to allow for assessment of dark-adapted fluorometry metrics such as NPQ 

and Fv/Fm. 
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Figure 5-3 Seasonality of leaf Vcmax, Jmax and fluorescence parameters at the Borden Forest site 

Leaf traits and biochemistry were not constant throughout the study period. Upon leaf out, Vcmax 

and Jmax were low and increased gradually until early July, and began a gradual decline from 

maximal values in mid-September. A similar pattern occurred in Fvô/Fmô, or the effective 

quantum efficiency, whereas Fv/Fm, the maximum quantum efficiency reached its maximal 

value in early June, remained high through late September for Fraxinus americana, and early 

October for Acer rubrum, and Populus grandidentata. While both Fv/Fm and Fvô/Fmô indicate 

maximal quantum efficiency, Fvô/Fmô indicates this quantity under light-adapted conditions 

when NPQ processes are present. Thus, the differing pattern between Fv/Fm and Fvô/Fmô 
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indicates variability in NPQ. Indeed, NPQ is highest in spring, plateaus during the peak growing 

season and decreases through fall.  

 

Figure 5-4 Leaf physiological traits throughout the 2018 growing season 

Fs, steady state fluorescence, quantifies the strength of the fluorescence signal at leaf scale under 

constant illumination conditions. Thus, variability in Fs gives an indication of the variability in 

SIF yield at leaf scale. Fs increases in spring until mid-June, remains steady until early October, 

and sharply declines, generally following a similar pattern to Vcmax and Jmax. However, while 

Populus grandidentata typically has highest chlorophyll content, Vcmax and Jmax across the three 

tested species, Fs is lower for Populus grandidentata than the other species tested.  

Leaf chemistry also varies through the growing season. Leaves emerge with little chlorophyll 

and gradually increase in chlorophyll content until early July. Decline in leaf chlorophyll content 

begins in mid-September for all species sampled but declines more slowly in Populus 
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grandidentata than other species. Populus grandidentata also retains its leaves later in the 

season than the other species sampled.  

 

Figure 5-5 Leaf biochemistry throughout the 2018 growing season for three tree species. a) Leaf chlorophyll a+b 
content by area, b) leaf total carotenoid content by area, c) the ratio of chlorophyll to carotenoid content. Chlorophyll 
data was collected from 2016-2018 (and not all data is shown). 2018 data are shown to illustrate typical seasonal 
patterns in leaf chlorophyll content. 

Leaf reflectance measurements were used to calculate spectral indices and assess their 

variability throughout the canopy and the season.  

The Normalized Difference Vegetation Index (NDVI) was high upon leaf emergence, and 

remained high until late September for Fraxinus americana, and Acer rubrum, and until late 
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October for Populus grandidentata. Acer rubrum NDVI had a large standard deviation in 

October, when some leaves senesced earlier than others. The senecence process occurred more 

evenly in other species, and indeed this variability is apparent from visual observations of the 

forest canopy or phenocam images in fall.  

The Anthocyanin Reflectance Index (ARI) was low except during spring and fall, with higher 

values observed for Acer rubrum than other species, consistent with visible redness in leaf 

samples. The Plant Senescence Reflectance Index (PSRI) was low until October for Acer 

rubrum and Fraxinus americana, but remained low on all sampling dates for Populus 

grandidentata. At the leaf scale, PRI varied seasonally, with lower values in spring and fall than 

the mid-growing season. 

 

Figure 5-6 Seasonal variation in leaf spectral indices for Fraxinus americana (green), Populus grandidentata 
(orange), and Acer rubrum (purple).  

We used dark-to-light transition to test the function of PRI at a leaf scale. From theory, it 

follows that a sudden abrupt shift in illumination should induce a change in NPQ and pigment 

interconversions through the xanthophyll cycle (Gamon et al., 1990). This in turn should reveal 

a decrease in reflectance near 531nm and a decrease in PRI over time after the sudden transition 

(Gamon et al., 1992). 

In general, the seasonal overall pattern in leaf PRI values follows the seasonal pattern in NPQ. 

However, mid growing season variability in PRI is not clearly related to temporal variability in 
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NPQ for each species. Due to the difficulty in standardizing the timing of initial PRI 

measurement upon transition from dark to light conditions, we caution against quantitative 

assessment of the strength of the PRI response. However, we note that in all species the PRI 

response to light stress reversed in direction over senescent leaves.  

 

Figure 5-7 Seasonality in the response of PRI to a dark-to-light transition on individual leaves. Starting PRI values 
are illustrated using filled points and ending PRI values are illustrated using hollow points. PRI start and ending 
values are much lower on senescent leaves in autumn than throughout the remainder of the growing season. 

 

Figure 5-8 Reflectance spectra (normalized over the 800-850nm range), reflectance change and PRI change for a 
Fraxinus (ash) leaf in mid-August and a senescing Populus (aspen) leaf in late-October after a dark to light transition. 
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Neither the 531nm signal nor the decrease in PRI is apparent in early July for any of the three 

tree species tested. However, the signal is apparent throughout the remainder of the growing 

season. This suggests variability in the strength of the PRI response throughout the growing 

season. Once leaves began to senesce, the 531nm signal was undetectable, and instead an 

increase in PRI is observed after the increase in light stress. To explore whether this PRI result is 

due to a lack of PRI signal or to an alternative spectral change at the reference band, we apply a 

new index in order to isolate spectral changes at the leaf scale. This reformulated PRI 

normalizes reflectance at 531nm against linearly interpolated reflectance at 531nm determined 

from neighbouring wavebands just outside the xanthophyll related spectral feature at 531nm 

 ὙὩὪέὶάόὰὥὸὩὨ ὖὙὍ 
Ὑ

Ὑ Ὑ
ς

Ὑ
Ὑ Ὑ

ς

 Equation 5-29 

This reformulation should capture shifts in 531nm relative to the overall reflectance similar to 

the standard PRI formulation, but without sensitivity to reflectance at the typical 570nm 

reference band which could be impacted by factors other than xanthophyll cycle activity. 
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Figure 5-9 Change in PRI over time after a sudden dark to light transition. Top row: original PRI formulation. Bottom 
row a reformulated PRI to avoid reliance on the 570nm reference band. All leaves sampled were visibly senescing 
except for the Poplar on October 10 2018, highlighted in green.  

The new PRI formulation effectively results in a decrease in the index value over time after a 

dark-light transition for senescent leaves. Even when changes in PRI are small, a general 
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decreasing trend in the new PRI formulation can be discerned. For green leaves, the new PRI 

formulation performed similarly to the traditional formulation. This suggests that the new 

formulation successfully isolates 531nm changes in reflectance in tracking xanthophyll cycle 

activity. 

The data presented thus far characterize the variability in leaf level spectral indices, 

biochemistry, and physiology observed throughout the 2018 growing season. These results 

provide a foundation for the interpretation of concurrent spectral index and GPP variability at 

the canopy scale, which we discuss in the sections that follow. 

5.4.2. Spatial heterogeneity in spectral indices is driven by species 

specific differences in the mixed forest canopy 

At the canopy scale, SIF and PRI vary throughout the study period as do their responses to 

changing illumination, environmental conditions, and canopy chemistry and structure. SIF 

shows a clear variability with lower values in spring and fall than during the mid growing 

season. This is due both to lower incident PAR, available to interact with chlorophyll, and to 

lower canopy chlorophyll content owing both to lower leaf chlorophyll content and lower LAI 

during the spring and fall seasons.  

As the Borden Forest is a mixed forest, the forest canopy presents a non-homogenous target for 

proximal remote sensing measurements. This is apparent as spatial variability in SIF and PRI in 

the area surrounding the tower. The arrangement of differing tree species throughout the area 

around the tower leads to variability in spectral indices by view direction, related to spectral 

properties of the individual trees. This variability is most extreme in spring and fall, when 

species level differences in phenology are most apparent ï i.e., the difference in timing of leaf 

out and senescence between species leads to high spatial variation in spectral index values: 
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Figure 5-10 Spatial variability in spectral indices in spring, summer, and fall. 

NDVI and SIF in the direction between 200-270 degrees azimuth were consistently low 

compared to the surrounding area. This indicates that the sensor field of view in these view 

azimuth directions was not comprised of vegetation. These view directions were excluded from 

further analysis.  

In fall, PRI also reveals spatial variability in the vegetation canopy not apparent from NDVI or 

SIF. This suggests that PRI may be useful in monitoring vegetation senescence, which varies in 

timing among the species present in a mixed forest such as Borden. 

The high spatial variability observed exceeds any likely BRDF effects, particularly in spring and 

fall. This highlights the difficulty in characterizing BRDF effects in heterogeneous (mixed) 

forest sites. In contrast, the considerably more homogenous Douglas fir forest used to 

characterize BRDF effects on PRI by Hilker et al. (2008) allowed for the assumption that 

directional differences result solely from changes in view-illumination geometry, sky conditions, 

and the physiological response of PRI at leaf level to changing illumination. Zhang et al. (2017) 
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present a scheme for normalizing PRI for sunlit and shaded canopy fraction and make the 

assumption that variation in PRI at different view angles occurs only due to varying proportions 

of sunlit and shaded canopy. The heterogeneity and its observed effects on multi angular 

spectral observations that we report in this study suggest that such assumptions would be 

violated at the Borden site.  

5.4.3. Temporal variation in spectral indices on seasonal and sub-daily 

time scales 

Figure 5-11 shows the seasonal patterns in mean daytime values in SIF, SIF yield, and PRI as 

well as patterns in GEP, PPFD, effective LAI calculated from the attenuation of PAR through 

the canopy (Rogers et al., 2021), leaf chlorophyll content, and leaf Vcmax. SIF exhibits seasonal 

variability broadly following diurnal and seasonal variations in the availability of PAR. 

However, there is a decoupling between SIF and PAR in spring when high PAR precedes 

vegetation green up when effective LAI and leaf chlorophyll content remain low. Daily 

maximum SIF, and SIF yield exhibit a distinct peak near the summer solstice when illumination 

is high. PRI remains high throughout the period when both LAI and canopy chlorophyll content 

are high, but is low in spring and fall, likely owing to a combination of low LAI and canopy 

chlorophyll content.  


































































































