
Highlights

• The escape ratio of near-infrared SIF can be estimated using NIRV and fPAR.

• The approach applies broadly, including sparse canopies with bright soil backgrounds.

• The approach allows estimation of total emitted SIF from directional SIF data.
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Abstract

Solar-induced chlorophyll fluorescence (SIF) has emerged as a leading approach for remote sensing

of gross primary productivity (GPP). While SIF has an intrinsic, underlying relationship with

canopy light capture and light use efficiency, these physiological relationships are obscured by

the fact that satellites observe a small and variable fraction of total emitted canopy SIF. Upon
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emission, most SIF photons are reabsorbed or scattered within the canopy, preventing their ob-

servation remotely. The complexities of the radiative transfer process, which vary across time

and space, limit our ability to reliably infer physiological processes from SIF observations. Here,

we propose an approach for estimating the the fraction of total emitted near-infrared SIF (760

nm) photons that escape the canopy by combining the near-infrared reflectance of vegetation

(NIRV) and the fraction of absorbed photosynthetically active radiation (fPAR), two widely avail-

able remote sensing products. Our approach relies on the fact that NIRV is resilient against soil

background contamination, allowing us to reliably calculate the bidirectional reflectance factor of

vegetation, which in turn conveys information about the escape ratio of SIF photons. Our NIRV-

based approach explains variations in the escape ratio with an R2 of 0.91 and an RMSE of 1.48%

across a series of simulations where canopy structure, soil brightness, and sun-sensor-canopy ge-

ometry are varied. The approach is applicable to conditions of low leaf area index and fractional

vegetation cover. We show that correcting for the escape ratio of SIF using NIRV provides robust

estimates of total emitted SIF, providing for the possibility of studying physiological variations of

fluorescence yield at the global scale.

Keywords: solar-induced chlorophyll fluorescence, near-infrared reflectance, canopy structure,

escape ratio, spectral invariant properties

1 Introduction

The empirical relationship between solar-induced chlorophyll fluorescence (SIF) and gross primary

productivity (GPP) is complicated by the fact that we only observe a fraction of emitted SIF pho-

tons and that this fraction depends on the direction of observation (Porcar-Castell et al., 2014).

It is difficult, therefore, to distinguish physiological variations in the raw SIF signal from varia-

tions in SIF caused by radiative transfer processes. Our goal here is to use multispectral remote

sensing observations to estimate the total amount of SIF emitted by the chlorophyll of a canopy

and to explore the use of this measurement for interpreting canopy scale photosynthesis and light

capture.

Many of the challenges of SIF radiative transfer have already been addressed in models (e.g.,

van der Tol et al. 2009). Such models provide a platform for simulation of chlorophyll to leaf scal-

ing of SIF (Ramos and Lagorio, 2006; Vilfan et al., 2016), the reabsorption of SIF within the leaf
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and canopy (Gitelson et al., 1998; Romero et al., 2018), the directionality of SIF emissions from

the canopy (Hernández-Clemente et al., 2017; Zhao et al., 2016), and the atmospheric scattering

of SIF (Frankenberg et al., 2011a). Yet there does not exist an accepted, broadly applicable way

to measure the fraction of the total leaf-level SIF emission that makes its way to the top of the

canopy and, ultimately, to the SIF sensor.

The challenge posed by these leaf-to-canopy scale radiative processes is best thought of from a

physical standpoint, where SIF, as observed at the top of canopy (SIFObs), is defined in terms of

total emitted SIF (SIFTotal):

SIFTotal(λf ) = PAR · fPARchl · ΦF (λf ), (1a)

SIFObs(λf ,Ω) = SIFTotal · fesc(λf ,Ω). (1b)

This formulation explicitly decouples the leaf-level input variables that generate SIF (Eq. 1a)

from the canopy radiative transfer processes that govern the fraction of SIFTotal that ultimately

escapes the canopy for detection (Eq. 1b). More specifically, SIFTotal, defined as the sum of all

SIF photons at a given wavelength (λf ) emitted by all leaves within the canopy in all directions,

depends on: i) PAR, photosynthetically active radiation, ii) fPARchl, the fraction of PAR ab-

sorbed by chlorophyll, and iii) ΦF , the quantum yield of fluorescence. Upon emission from the

leaf, the photons which comprise SIFTotal are scattered through the canopy and only a fraction,

fesc(Ω), ultimately escape the canopy and are observed at the view angle Ω. Eq. 1 makes clear

that detecting meaningful variations in physiology (e.g., changes in ΦF ) from measurements of

SIFObs requires first accounting for changes in fesc(Ω).

Quantifying fesc is a complicated task that requires three types of information: i) sun-sensor

geometry, ii) canopy structural parameters (e.g., leaf area index, clumping index, and leaf angle

distribution), and iii) leaf optical properties (e.g., leaf reflectance/transmittance). Each of these

parameters must be known to accurately describe the radiative transfer of SIF. If these data are

available, there are numerous physically based forward modeling techniques capable of precisely

calculating fesc and thereby quantifying both SIFObs and SIFTotal (He et al., 2017; Hernández-

Clemente et al., 2017; van der Tol et al., 2009; Zhao et al., 2016). Despite the success of these

efforts, the critical parameters for directly calculating fesc are rarely well-characterized at the
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site level, let alone at scales relevant to remote sensing. As a result, fesc is treated as constant

(e.g., Guanter et al. 2014) or calculated by making a priori assumptions that in turn introduce

errors into the calculation of fesc. In fact, only a handful of studies have seriously considered the

effects of fesc on SIF (e.g., Fournier et al., 2012; Migliavacca et al., 2017; van der Tol et al., 2016),

though the subject has recently gained more attention (Liu et al., 2018; Yang and van der Tol,

2018).

Alternatively, it is possible to use the shape of the bidirectional reflectance factor (BRF) de-

rived from reflectance-based measurements to calculate the angular distribution of SIF radiance

and thereby calculate SIFTotal. BRF-based approaches rely on the fact that solar and SIF photons

of the same wavelength are confronted by roughly the same canopy radiative environment, despite

originating from distinct physical processes. As a result, it should be possible to use directional

information from optical measurements to correct the directional dependencies of SIF. Liu et al.

(2016) used this approach and found a strong linearity between bidirectional SIF radiance and the

total scene near-infrared bidirectional reflectance factor (BRFT). Similarly, Yang and van der Tol

(2018) showed that for near-infrared SIF, fesc can be described as a function of NIR reflectance,

canopy directional interceptance (i0), and leaf albedo (ω).

The BRFT approach for estimating fesc is both computationally and theoretically simple,

requiring few inputs outside of multi-spectral BRFT measurements (Yang and van der Tol, 2018).

Despite these advantages, the BRFT approaches, like those developed by Liu et al. (2018) and

Yang and van der Tol (2018), implicitly assume that the contribution of photons scattered by the

soil is negligible. This assumption holds for SIF, as the SIF signal is specific to vegetation; soil

simply cannot emit SIF photons. However, the assumption of minimal soil influence does not hold

for reflected sunlight, as solar photons are strongly scattered by the soil. As a result, the BRFT

approach for estimating fesc can only be used i) over dense canopies, where both the leaf area

index (LAI) and fractional vegetation cover (FVC) are high or ii) where soil reflectance is low.

Here, we propose a new BRF-based approach for calculating fesc using the NIR reflectance

of vegetation (NIRV). From a theoretical standpoint, NIRV represents the fraction of reflected

NIR light that originates from vegetation. In this sense, it attempts to replicate the specificity SIF

has to vegetation. In practice, NIRV minimizes the influence of soil reflectance on the retrieved

reflectance value (Badgley et al., 2017). This enables accurate retrievals of the contribution of veg-

etation to observed NIR reflectance under a wide array of field conditions, including over sparse
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canopies and regardless of soil brightness. As a result, NIRV better satisfies the assumption that

soil only negligibly contributes to total scene reflectance and thereby provides the basis for a com-

putationally simple and physically-grounded approach for determining the fesc of near-infrared

SIF and, as a result, total emitted SIF.

We introduce the approach in four parts, beginning first with an explicit theoretical derivation

relating NIRV and fPAR to fesc. Second, we use both a one-dimensional and a three-dimensional

radiative transfer model to demonstrate the robustness of our proposed model of fesc regardless of

solar angle, view angle, soil brightness, and canopy structure. Third, using satellite observations of

SIF and NIR reflectance, we directly compare the relationship between SIF-NIRV and SIF-NIRT

across a wide range of ecosystem types to test the empirical usefulness of both measurements

as the basis for estimating fesc. Finally, we demonstrate how NIRV and fPAR can be used to

translate virtual satellite observations of SIF (SIFObs) into robust measurements of total emitted

SIF (SIFTotal).

2 Motivation & Theoretical Derivation

Our approach for estimating SIFTotal from measurements of SIFObs (Eq. 1) takes its motivation

from the recent empirical result by Badgley et al. (2017), which showed that the near-infrared

reflectance of vegetation (NIRV) is strongly correlated with satellite-measurements of SIFObs in

the near-infrared (740–760 nm) range, which we denote here as SIFN. Such a strong empirical

correspondence between reflected light and SIF indicates that the scattering of reflected near-

infrared solar photons and emitted near-infrared SIFN are strongly related, a result that has been

separately demonstrated from radiative transfer modeling (van der Tol et al., 2016; Yang and van

der Tol, 2018). In terms of the task at hand, the correlation between SIFN and NIRV presents the

possibility of using NIRV as an independent basis for estimating fesc of SIFN. Note, the approach

discussed for the remainder of the manuscript only pertains to near-infrared measurements of SIF.

The intuition underlying the link between NIRV and SIFN is best illustrated by considering

NIRV as a corresponding radiance, NIR
′

V :

SIFN = S400-700 · i0 · ΦF · fescN , (2a)

NIR
′

V = S760 · i0 · ωN · fescN . (2b)
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Eq. 2b represents the total NIR radiance reflected by the vegetated component of the land sur-

face, which is a real, measurable flux. Expressing NIRV in this way emphasizes that SIFN and

NIR radiance are strongly related to each other, as both are jointly dependent on the flux of in-

coming solar radiation, denoted Sλf
(S400-700, or PAR, in the case of SIF; S760 for NIR

′

V ), the

fractional interceptance of vegetation (i0, dependent on canopy gap fraction), and the fraction

of photons that escape from the canopy (fescN ). Eq. 2a differs slightly from the definition of SIF

presented in Eq. 1a, as i0 is not strictly equal to fPARchl. However, as discussed below, the two

are strongly related and writing Eq. 2a in terms of i0 emphasizes the similarity of SIF to NIR
′

V .

While similar, Eq. 2 makes it clear that SIFN and NIRV are not identical. In particular, SIF

and NIRV originate from different physical processes within the canopy. SIF photons, on the one

hand, are controlled by a biochemically mediated conversion of absorbed light to fluorescence,

termed fluorescence yield and denoted as ΦF . NIRV, on the other hand, results from the scatter-

ing of solar photons by interaction with leaves, making NIRV dependent on the leaf single scatter-

ing albedo in the NIR band (ωN ). The difference in the origin of the SIF and NIRV signals means

that the fesc of SIF does not strictly equal the fesc of NIRV. This is because the contribution of

any one leaf to the top of canopy SIF or NIRV signal depends on the value of ΦF or ωN of that

leaf. More specifically, at a given location in the canopy, fesc of SIF and NIRV are indeed the

same (when neglecting higher order terms for SIF excitation). However, when averaging over the

whole canopy, each leaf is weighted by its respective value of either ΦF or ωN , causing slight dif-

ferences in the two canopy-level fesc terms. There are similar, small differences in the penetration

of solar PAR and NIR photons within the canopy that drive both SIF and NIRV. Yet given the

strong empirical relationship between SIFN and NIRV, as well as the small relative variability of

ΦF at the leaf-level (van der Tol et al., 2014), it stands to reason that such differences are negli-

gible (though not ignorable). Thus, it should be possible to use NIRV to independently estimate

fesc and thereby correct for view-angle and within-canopy radiative transfer processes that medi-

ate the relationship between SIFObs and SIFTotal. The remainder of this manuscript explores that

possibility.

2.1 Calculating BRFT in the NIR Band

We begin our derivation with the definition of the total scene bidirectional reflectance factor at

wavelength λf (BRFT(λf )), which can be broken down as a linear combination of three parts:
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BRFT (λf ) = BRFV (λf ) +BRFS(λf ) +BRFM (λf ). (3)

The three components of BRFT are: i) BRFV, the contribution of photons at wavelength λf re-

flected off only the scene’s vegetative component, ii) BRFS, the contribution of photons at wave-

length λf reflected off soil alone, and iii) BRFM which represents the contribution to BRFT from

multiple scattering between the vegetation and soil.1 In practice, however, satellites are only ca-

pable of measuring BRFT, as satellites capture light reflected by vegetative and non-vegetative

elements alike. For studying vegetation, we are primarily interested in BRFV, which describes how

viewing geometry, canopy structure, and leaf spectral properties influence the scattering of both

solar (reflected) and SIF (emitted) photons within the canopy.

More formally, BRFV can be described as:

BRFV (λf ) = i0 · ωλf
· fescλf

, (4)

where i0 is canopy interceptance, which represents the probability of a solar photon (of any wave-

length) interacting with the canopy and is defined as one minus the directional gap fraction

(Smolander and Stenberg, 2005), ωλf
is the leaf single scattering albedo at wavelength λf , and

fescλf
is the fraction of photons at wavelength λf that escape the canopy and are detected remotely

(Knyazikhin et al., 2013). Yet without prior information on BRFS and BRFM, the task of disen-

tangling BRFV from BRFT becomes challenging (Eq. 3).

For the problem at hand, we are interested in isolating the BRFV in the NIR region, as this is

the portion of BRFT that contains relevant information about fesc. For convenience, we rewrite

Eq. 3 to explicitly consider the NIR case as:

NIRT = NIRV +NIRS +NIRM . (5)

In the most straightforward terms, we are interested in calculating the fraction of NIRT that

originates from interactions with vegetation alone. We can call this fraction FV . By extension,

it is possible to write:

1Please see the Glossary for a full listing of terms and abbreviations.

8



FV + FS + FM = 1, (6)

meaning that reflectance from vegetation, soil, and the multiple scattering between the two consti-

tute the full NIRT signal. For the purpose of simplifying the remainder of the derivation, we treat

FM as 0, though subsequent radiative transfer experiments contained within this manuscript make

no such assumption.

With Eqs. 5 and 6 in hand, we can write:

NIRV = FV ·NIRT

NIRS = FS ·NIRT
(7)

The challenge now becomes finding an appropriate means of estimating NIRV from measurements

of NIRT. When framed in this way, the challenge posed by Eq. 7 closely parallels the approach

used to estimate SIF from remote sensing, which ultimately hinges on determining the fraction of

SIF contained within measurements of NIRT.

One theoretical solution to isolating NIRV from NIRT was formulated by Knyazikhin et al.

(1998) in what they termed the “black soil problem.” The black soil problem states that calcu-

lating NIRV (or BRFV at any wavelength, for that matter) would be trivial if the canopy was

illuminated from above and, instead of being backed by a soil with its own reflectance proper-

ties, the soil was replaced by a perfectly absorbent (black) background. In this scenario, both

NIRS and NIRM become zero and the retrieved NIRT signal can be safely attributed to vegetation.

While such a substitution is impossible in practice, it may be possible to use radiative transfer

simulations to identify optical-based vegetation indices that behave similar to NIRT under black

soil conditions.

2.2 An approximation of NIRV

Here, we explore an approach for approximating NIRV first described by Badgley et al. (2017):

NIRV ≈ NDV I ·NIRT , (8)
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where NDVI is the normalized difference vegetation index, which depends on red (630–690 nm)

and NIR reflectance (750–900 nm) (Tucker, 1979). Eq. 8 makes it clear that the product of NDVI

and NIRT is an approximation of the proportion of reflected photons that directly interact with

vegetation, which is a real, physical property of the scene. It is also possible to calculate NIR
′

V

(radiance) as NDV I ·NIR′

T , however, we only consider the reflectance case here. More specifically,

NDV I · NIRT serves as a reliable proxy of BRFV in the NIR band (NIRV), which can be more

succinctly expressed by combining Eq. 4 with Eq. 8:

NDV I ·NIRT ≈ NIRV

≈ i0 · ωN · fescN .

(9)

There are two important messages to take from Eqs. 8 and 9. First, NDV I · NIRT is one

possible approach for approximating NIRV. Intuitively, the approach works because both NIRT

and NDVI vary with soil brightness, but in an opposite manner: darker soils have a higher NDVI

but lower NIRT, while brighter soils have a lower NDVI but higher NIRT (Qi et al., 1994). As

the fraction of vegetation cover approaches unity, NDVI also approaches unity and the product

reduces to NIRT. Note that because NDVI does not necessarily span between 0 and 1, the ap-

proach underestimates the true value of BRFV(NIR) for high fractions of vegetation cover (Figure

1; though these effects can be further mitigated, see Discussion). Recognizing that there might

exist alternative approaches for estimating NIRV, for purposes of both clarity and brevity, from

this point forward we will refer to the product of NDVI and NIRT as simply “NIRV.” We will

contrast this approximation against BRFV(NIR), which from this point will signify the true value

of the BRF of vegetation.

Second, and more importantly for the derivation at hand, Eq. 9 suggests that NIRV (as

approximated by NDV I · NIRT ) closely approximates the black soil condition imagined by

Knyazikhin et al. (1998), providing a reliable proxy for estimating BRFV(NIR). The validity of

this claim is immediately testable using SCOPE (van der Tol et al., 2009), which allows the simu-

lation of canopy radiative transfer via an implementation of PROSAIL (Baret et al., 1994; Jacque-

moud and Baret, 1990; Verhoef, 1984). Using SCOPE, we allowed solar and view angles, soil

brightness, and canopy structure to vary randomly across their full valid ranges (Table 1). The
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Figure 1: NIRV closely approximates BRFV, the vegetative component of pixel BRF,
across a wide array of fractional vegetation cover, soil backgrounds, and leaf angle
distributions. NIRV underestimates low values of BRFV and overestimates higher values of
BRFV. All values generated using SCOPE, with parameters drawn from ranges shown in Table 1.

R2 between NIRV and BRFV exceeded 0.99 across 5,040 random combinations of input variables

(Figure 1). By contrast, NIRT shows wide dispersion against BRFV at lower levels of vegetation

cover, with gradual convergence of NIRT and BRFV as vegetation comprises a larger fraction of

the scene (Figure S1).

2.3 Measuring f esc remotely

Eq. 9 can then be rearranged to calculate the common term, fescN , shared between NIRV and

SIFN:

fescN ≈ NIRV
i0 · ωN

. (10)

Using Eq. 10 in practice requires two additional assumptions. First, ωN , the NIR leaf albedo, is

relatively conservative both within and across species (Asner, 1998; Gates et al., 1965) and, for

purposes of this derivation, we assume ωN takes a constant value of 1. Second, calculating i0 re-

quires additional knowledge of canopy architecture, including the leaf projection function(G(Ω);

Ross 1981) and the clumping index (CI; Chen 1996). While both G(Ω) and CI are measurable

quantities, both strongly vary in time and space, making them difficult to quantify remotely

(Raabe et al., 2015; Ryu et al., 2010).
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Instead, we make the further simplifying assumption that i0 is approximated by canopy fPAR,

the fraction of absorbed photosynthetically active radiation (PAR). PAR is strongly absorbed

by plant canopies; leaf albedo within the visible range (ωV ) is small and, for our purposes, can

be assumed to approach 0 (Gates et al., 1965). Following Stenberg et al. (2016) and assuming

ωV = 0, we can explicitly relate i0 to fPAR via canopy absorbance of visible light (ABSV):

fPAR = ABSV

= i0 ·
1− ωV
1− pωV

≈ i0.

(11)

Here, p represents the probability of a photon recolliding with the canopy after its initial (non-

absorbing) interaction with the canopy (see Appendix). For clarity, Eq. 11 treats the soil as black,

ignoring the minor contribution of solar photons reflected by the soil that are ultimately absorbed

by vegetation. This assumption, however, is not invoked at any point in our analysis, including

the validation of Eq. 11 below. When evaluated using SCOPE, Eq. 11 holds across a wide array

of conditions, where both LAI and FVC were varied (see Methods). For all combinations of LAI

and FVC, fPAR is strongly correlated with i0, having an the RMSE of 0.03, and an R2 exceed-

ing 0.99, demonstrating that fPAR closely approximates i0 (Figure 2). Furthermore, while the

assumption that ωV = 0 is useful for deriving the relationship between fesc and NIRV, this as-

sumption is not invoked in the radiative transfer simulations used to validate our approach. It is

also worth pointing out that while NDVI (used to approximate NIRV) and fPAR are related to

each other, their relationship is not strictly linear due to the fact that canopy architecture (e.g.,

leaf inclination angle, CI) has unequal effects on NDVI and fPAR (Figure S2).

Together with our assumption that ωN = 1, we can then rewrite Eq. 10 to read:

fescN ≈ NIRV

fPAR
, (12)

which is both computationally tractable and easily estimated from existing in situ and remote

sensing measurements. A more detailed derivation relating fesc of SIF to fesc of NIR reflectance

is presented in the Appendix.
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Figure 2: fPAR is a good approximation of canopy directional interceptance, i0,
across canopies with varying leaf area and fraction of vegetation cover. All values
generated using SCOPE, with parameters drawn from ranges shown in Table 1.

3 Materials and Methods

3.1 Testing NIRV as the basis for estimating fesc

We evaluated Eq. 12 using both a one-dimensional (1-D) and a three-dimensional (3-D) radiative

transfer model. Radiative transfer models enabled us to exhaustively test numerous parameters

that affect fesc, allowing for a more comprehensive evaluation of Eq. 12 than would be possible

using in situ measurements alone. For both models, our general approach was to randomly vary

key parameters that affect fesc, including leaf-level spectral properties (e.g., chlorophyll content),

leaf area index (LAI), leaf angle distribution (LAD), and soil brightness.

3.1.1 SCOPE: 1-D Radiative Transfer Simulations

We began our evaluation of Eq. 12 using the Soil Canopy Observation, Photochemistry and En-

ergy (SCOPE) model, which is capable of simulating radiative transfer, energy balance, and pho-

tosynthesis, as well as the SIF of individual leaves within the canopy and total emitted SIF across

the full spectrum of chlorophyll fluorescence (van der Tol et al., 2009). Using SCOPE, we con-

ducted a set of simulations where we randomly varied parameters affecting both fesc and scene

NIR reflectance. In particular, we randomly varied leaf chlorophyll content (Cab), LAD, LAI, the

reflectance profile of soil, view zenith angle, and solar zenith angle (Table 1). For each simulation,

we compared simulated fesc against fesc as derived in Eq. 12, NIRV

fPAR . For reference, we also com-
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Variable Values

Canopy Structure
Leaf Area Index [0.5, 1, 3, 5]

Leaf Angle Distribution Spherical, Erectophile, Planophile

Sun-Sensor Geometry
Solar Zenith Angle [20, 30, 40, 50, 60]

View Zenith Angle [0, 10, 20, 30, 40, 50, 60]

Soil Background Soil Spectra Four soil spectrum

Leaf Spectral Properties
Leaf Chlorophyll Content

(Cab)
[40, 60, 80]

Table 1: Parameters varied in SCOPE simulations. Default values for SCOPE v1.70 were
used for all other parameters.

pared the NIRV-based approach against the NIRT approach proposed in Eq. 12 of Yang and van

der Tol (2018), which specifies fesc as:

fesc =
NIRT
ωN · i0

. (13)

We further examined variations in FVC using a simple linear spectral mixture model, with the

end members of i) vegetation, with values derived from SCOPE with an LAI of 3, and ii) bare

soil. The spectral properties of each scenario were calculated by the area proportional to each end

member, with FVC ranging between 0.1 and 1.

All SCOPE simulations were conducted using version 1.70 of the model. For each simulation,

directional and total emitted SIF were extracted at 760 nm. NIRV was calculated using red re-

flectance at 648 nm and NIR reflectance at 858 nm to be consistent with the red and NIR bands

of the Moderate Resolution Imaging Spectroradiometer (MODIS) for future practical use, though

it is worth noting that the NIR of vegetation has little variation from 760–900 nm (Gates et al.,

1965). We used the SCOPE canopy gap fraction variable, gap.Ps, to calculate i0 as 1 − gap.Ps.

Finally, we calculated BRFV from SCOPE for each simulated condition by keeping all parameters

equal, but inserting a black soil background.

3.1.2 DART: 3-D Radiative Transfer Simulations

We conducted a similar experiment testing the validity of Eq. 12 using the Discrete Anisotropic

Radiative Transfer (DART) model (Gastellu-Etchegorry et al., 2004). DART allows the simula-

tion of light within the optical domain and, due to recent developments described in Gastellu-
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Variable Values

Canopy Structure Leaf Area Index 2

Sun-Sensor Geometry
Solar Zenith Angle 30◦

View Zenith Angle 0◦-70◦ with step of 5◦

Soil Background Soil Spectra Three soil spectrum (Figure S3)

Leaf Spectral Properties Leaf Chlorophyll Content 58

Table 2: Parameters varied in DART simulations. Default values were used for all other
parameters.

Etchegorry et al. (2017), DART is also capable of modeling SIF. Unlike SCOPE, which operates

under the assumption of a horizontally homogeneous canopy, DART provides a more realistic rep-

resentation of partial vegetation cover. As a result, DART provides a useful tool for testing the

relationship between NIRV and BRFV under conditions of sparse vegetation cover.

Due to the computational demands of DART, we focused our attention on varying soil prop-

erties and viewing geometry across DART runs. Leaf area, solar zenith angle, and chlorophyll

content of the canopy were held constant across all runs (Table 2). We instead concentrated on

varying soil brightness, using three separate soil spectra included in DART (Figure S3). 3-D ren-

derings of the simulated canopy are included in the supplementary materials (Figure S4). DART

directly calculates both red and NIR reflectance, from which we calculated NIRV. DART also

simulates observed SIF (SIFObs), but does not provide ready access to leaf-level estimates of SIF,

meaning we were unable to calculate SIFTotal and fesc of SIF.

Instead, we compared simulated NIRV under various soil brightness conditions against BRFV,

which we calculated by running a second set of DART simulations where the soil background

was assumed to be black. These simulations allowed us to evaluate the performance of NIRV and

NIRT for estimating BRFV, as outlined in Eq. 9. Recall that BRFV comprises three parts: i0, ωN ,

and fesc. As a result, the utility of NIRV as a predictor of fesc can be assessed by examining the

linearity of NIRV-BRFV relationship, when evaluating parameter combinations that mainly affect

fesc. Similarly, we directly evaluate the SIF-NIRT and SIF-NIRV relationship using data from

the DART simulations. As with the SCOPE simulations, SIFObs was calculated at 760 nm, while

NIRV was calculated using reflectance red reflectance at 648 nm and NIR reflectance at 858 nm.

For continuity with Yang and van der Tol (2018), NIRT was calculated at 760 nm.
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3.2 Empirical Evaluation of NIRV compared to NIRT

We performed an empirical evaluation of NIRV as the basis for estimating fesc by directly com-

paring NIRV against measurements of SIF. Such a comparison allowed empirical validation of the

SIF-NIRV relationship, with the goal of demonstrating that NIRV does indeed approximate the

“black soil” condition. Previously, Liu et al. (2018) and Yang and van der Tol (2018) proposed us-

ing NIRT for estimating fesc. However, both studies invoked the black soil assumption, assuming

perfect absorption of solar photons by the soil background. Our derivation of fesc and the sim-

ulation results that follow make no such assumption. Combining our model-based results with

an empirical comparison of NIRV and NIRT offers a more comprehensive evaluation of how the

differing approaches operate in practice.

We combined measurements of NIRV and NIRT from MODIS with near-infrared SIF retrievals

from the newly launched TROPOMI sensor (Köhler et al., 2018). Specifically, the proposed joint

dependency of SIF and NIRV on i0 and fescN (as illustrated by Eq. 2) can be more simply ex-

pressed and evaluated by exploring the proportionality of SIF to NIRV using actual remote sens-

ing measurements:

SIF ∝ NIRV . (14)

Black soil does not exist under real measurement conditions, meaning Eq. 14 can be directly con-

trasted against the proportionality of SIF to NIRT:

SIF ∝ NIRT . (15)

If NIRT is sufficient for calculating fesc in non-idealized situations, there should be no significant

difference between the SIF-NIRT and the SIF-NIRV relationship. Such a comparison provides an

empirical test of the differences of NIRT and NIRV in approximating the “black soil condition”, as

opposed to specifically testing various techniques for estimating fesc that require additional inputs

(e.g, the approach to estimating fesc proposed by Yang and van der Tol (2018) requires i0 as an

input).

To perform the comparison, we selected five sites with various fractions of vegetation cover

from across North America. We then extracted daily near-infrared SIF retrievals from the cloud
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filtered and globally gridded TROPOMI SIF dataset described by Köhler et al. (2018), which

has a spatial resolution of 0.2◦. We combined SIF data with daily NIRV and NIRT observations

from the nadir-corrected MODIS reflectance product MCD43A4v6 regridded to 0.2◦ (Schaaf et

al., 2002). MODIS data were used, rather than radiances from TROPOMI because atmospheri-

cally corrected TROPOMI radiance data at the necessary wavelengths are not presently available.

This introduces angular differences between the TROPOMI and MODIS data, though such dis-

crepancies do not influence the inference derived from comparing SIF against NIRT and NIRV.

Furthermore, the majority of TROPOMI SIF retrievals have a phase angle that falls between

20◦ and 60◦ (Köhler et al., 2018), while the MODIS data has been adjusted to nadir. These two

facts combine to mitigate the severity of the disagreement between SIF and reflectance measure-

ments that are solely attributable to viewing geometry. To facilitate comparison between flux

measurements of SIF and unitless measurements of reflectance, we normalized SIF observations by

at-sensor solar radiance. This ensured that the observed SIF-NIR relationships were not driven by

an underlying PAR-NIR relationship. Together, these data allow direct evaluation of Eqs. 14 and

15. MODIS data were processed using the Google Earth Engine Python API. TROPOMI data

were downloaded from ftp://fluo.gps.caltech.edu/data/tropomi/.

3.3 Correcting Virtual Satellite Retreivals

Finally, we used SCOPE to construct a virtual experiment to demonstrate the practical utility

of using NIRV-derived estimates of fesc to estimate SIFTotal from directional-dependent simula-

tions of SIFObs. In recent years, SIF has emerged as a useful remote measurement of APAR (Du

et al., 2017; Yang et al., 2018) and GPP (Frankenberg et al., 2011b; Guanter et al., 2014; Smith

et al., 2018; Sun et al., 2017; Yang et al., 2015; Zhang et al., 2016) at scales ranging from individ-

ual study sites to the globe. Many of these studies, however, rely on using fixed scaling factors

between SIFObs and the variable of interest. These scaling factors, however, often ignore varia-

tions in fesc that affect the value of SIFObs. Failure to account for fesc makes it difficult to study

variations in ΦF at the global scale and potentially influences the interpretation of canopy- and

global-scale relationships between SIF, GPP, and APAR.

To demonstrate this effect and explore the usefulness of Eq. 12 for calculating SIFTotal from

measurements of SIFObs, we extracted solar and viewing geometry data from the Global Ozone

Monitoring Experiment–2 sensor (GOME-2; a widely used SIF sensor) for a single location. This
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allowed us to vary the solar and view angle parameters in SCOPE to match local conditions, as

if the site were viewed by GOME-2 (Table 3). We then calculated the relative error introduced in

calculating SIFTotal from SIFObs using NIRV and Eq. 12. We also evaluated the relative error of

assuming that any one value of SIFObs has a constant scaling with SIFTotal and the relative error

in estimating SIFTotal from NIRT-derived estimates of fesc, following the approach of Yang and

van der Tol (2018) (Eq. 13). Along with varying solar angle and view angle, we also simulated

various values of FVC ranging from 0.1 to 1.

Variables Values

Canopy Structure
Leaf Area Index 3.7

Leaf Angle Distribution Erectophile

Fractional Vegetation Cover 0.3–1

Sun-Sensor Geometry
Solar Zenith Angle 26.3◦–36.4◦

View Zenith Angle 0.9◦–33.6◦

Table 3: Critical parameters for the virtual experiment testing the usefulness of
NIRV to calculate SIFTotal from SIFObs. Realistic solar and view angles were extracted
from actual GOME-2 observations for a single location at 38.2013N, 127.2506E.

4 Results

4.1 SCOPE Simulations of f esc

Eq. 12 states that the ratio of NIRV and fPAR approximates the canopy escape ratio. To vali-

date this formulation, we began by running two simple simulations in SCOPE: while holding leaf

albedo constant and LAI at 3, we varied canopy leaf angle between erectophile (lower escape ra-

tio) and spherical (higher escape ratio) (Figure 3). fPAR varied by less than 8% across the two

simulations, while the NIRV of the two canopies changed by 58.1% (Figure 3A). fesc across the

two simulations differed by 54.3%, which is roughly proportional to the differences in the ratio of

NIRV to fPAR between the spherical and the erectophile canopies (Figure 3B). Previous empirical

work investigating the relationship of NIRV and fPAR at eddy covariance sites on a per biome

basis found similar results: canopies of widely varying architecture (e.g., with both different fesc

and NIRV), tended to have similar values of fPAR (Badgley et al., 2017). Figure 3 emphasizes

that canopies can have similar values of fPAR, while having considerably different values of NIRV
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Figure 3: Canopies with different architectures can have similar values of fPAR, but
significantly different values of NIRV and fesc. Changes in leaf angle distribution cause
subtle changes in fPAR but large changes in NIRV, making the ratio of NIRV and fPAR a use-
ful index of fesc. All data from SCOPE, with LAI held constant at 3 and fixed leaf spectral
properties (black). Data generated using SCOPE v1.70.

and fesc. Any change in LAD causes changes in both fPAR and NIRV. Yet because canopies so

strongly absorb visible light (ωV ≈ 0) and fPAR is strongly determined by total leaf area, changes

in fPAR are relatively minor. NIR, however, is strongly scattered by leaves (ωN ≈ 1), meaning

even small deviations in sun-canopy-sensor geometry yield large changes in NIRV that are pro-

portional to the fraction of NIR photons, whether reflected or fluoresced, capable of escaping the

canopy.

We found that the ratio of NIRV to fPAR closely approximated fesc across a wide array of

simulated conditions, whereby Cab, LAD, LAI, soil NDVI, and both solar and view geometry

varied (Figure 4). As predicted by Eq. 12, NIRV

fPAR is strongly linear with fesc, having an R2 of

0.91, RMSE of 1.48%, and average relative error (ARE) of 7.3%. Furthermore, the slope of NIRV

fPAR

against the true, simulated value of fesc is close to one, with only a small, positive intercept. By

comparison, the NIRT-based estimation of fesc systematically overestimated fesc, with an R2

of 0.11, RMSE of 9.41%, and ARE of 45.2%. While NIRT

i0·ωN
is linear with fesc for any given soil

background, variations in soil reflectance introduce a large and variable intercept in the NIRT-fesc

relationship, rendering NIRT-based estimates of fesc highly uncertain. The underlying NIRT-fesc
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Figure 4: A) The ratio of NIRV to fPAR closely approximates fesc, while B) fesc

calculated as NIRT

i0·ωN
, following Yang and van der Tol (2018), is largely unrelated to

modeled fesc across the same range of conditions. All data produced using SCOPE, vary-
ing LAD, LAI, soil NDVI, view zenith angle, and solar zenith angle at random.

relationship, without taking into account i0 and ωN , exhibits a similar degree of non-linearity due

to the effects of soil contamination (Figure S5). By accounting for variations in soil reflectance,

NIRV enables robust estimation of fesc across the full range of expected observation conditions

and with no need for additional information about soil reflective properties.

4.2 DART Simulations of BRFV

A second set of simulations using the 3-D radiative transfer model DART demonstrates the gen-

erality of the NIRV-BRFV relationship when more realistic radiative transfer processes are taken

into account (Figure 5). Because DART does not generate per-leaf estimates of SIF, we instead

evaluated the suitability of NIRV as the basis for estimating fesc by comparing NIRV and NIRT

against BRFV, following Eq. 9. While soil brightness does introduce a bias into the estimation of

BRFV by NIRV, the NIRV-BRFV relationship has a small RMSE of 0.026, a near-zero intercept,

and a slope of 0.89 (Figure 5A). Variations in soil background result in a weaker relationship be-

tween NIRT and BRFV (Figure 5B). As found in the SCOPE simulations, NIRT is mostly linear

with BRFV for any given soil brightness. However, variations in the soil background degrade the

overall proportionality of NIRT to BRFV, resulting in a RMSE of 0.107, an intercept of 0.11, and

a slope of 0.4. As a result, using NIRT to derive fesc would require a priori information about

soil spectral properties (to account for the influence of NIRS, see Eq. 5). NIRV has a more ro-
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Figure 5: 3-D radiative transfer simulations of the A) NIRV-BRFV and B) NIRT-
BRFV relationships from DART. NIRV is strongly linear with BRFV across varying soil
backgrounds, demonstrating the usefulness of NIRV as the basis for estimating fesc, regardless of
vegetation density.

bust relationship BRFV and fesc that does not require explicit consideration of soil background

reflectance.

NIRV also had a more consistent relationship with DART simulations of SIFObs, when com-

pared to NIRT (Figure 6). The SIF-NIRV relationship has a small RMSE of 0.004 and a near-zero

intercept of 0.01. Intriguingly, the SIF-NIRT relationship is substantially stronger (R2 = 0.85)

than the NIRT-BRFV (R2 = 0.42) relationship shown in Figure 5. This seemingly contradictory

result has to do with the fact that for a discontinuous canopy backed by a bright soil background,

accurately estimating fesc of SIF requires consideration of the interaction of SIF photons with the

soil background (BRFM from Eq. 3). Under these conditions, BRFM strongly contributes to the

fraction of SIF photons that ultimately escape the canopy. In the case of a mostly uniform (e.g.,

BRFS is small due to the spatial distribution of vegetation relative to the soil background, Figure

S4), albeit discontinuous canopy, both NIRV and NIRT are capable of capturing the contribu-

tion of BRFM to fesc. However, NIRV has still has a stronger relationship with SIF because it is

less affected by BRFS. As a result, following Eqs. 14 and 15, NIRV offers a more robust starting

point for estimating fesc of SIF. Finally, Figure 6 can be thought of as a best-case scenario for

the performance of NIRT over a discontinuous canopy. As the canopy becomes less uniform (e.g.,

clumped in space) and BRFS increases, the insensitivity of NIRV to the soil background results in

the SIF-NIRV relationship remaining strongly linear (R2 = 0.83), while the SIF-NIRT relationship

rapidly weakens and becomes non-linear (R2 = 0.62; Figure S6).
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Figure 6: 3-D radiative transfer simulations of the A) SIF-NIRV and the B) SIF-
NIRT relationship from DART. NIRV is less sensitive to variation in the soil background and
has a stronger linear relationship with simulated SIF. Reflectance profiles of each soil are provided
in Figure S3.

4.3 Empirical Differences between NIRV and NIRT

Satellite measurements of NIRV and SIF confirmed that NIRV minimizes the effects of variation

in soil background, whereas the SIF-NIRT relationship is highly non-linear for sparse vegetation

types (Table 4; see Figure S7 for individual site scatter plots). These data represent a direct test

of Eqs. 14 and 15, as NIRV and NIRT must be proportional to SIF if either measurement is to

be useful as the basis for estimating fesc (Eq. 2). For each site, we calculated the difference in

the coefficient of determination (R2) between radiation normalized SIF, NIRV, and NIRT. While

NIRT and radiation normalized SIF show strong agreement over dense, continuous canopies, like

crops and broadleaf forests (∆R2 = -0.01 and 0.11, respectively), the relationship is considerably

weaker over sparse vegetation canopies. For biomes like sparse woodlands, NIRV has a substan-

tially stronger and more linear relationship with radiation normalized SIF than NIRT (∆R2 =

0.53), though the SIF-NIRV relationship did break down at the grassland site. Interestingly, NIRV

even outperformed NIRT at US-Ha1 (Harvard Forest), a dense, mostly closed canopy deciduous

broadleaf forest where soil contamination is expected to be minimal.

However, early in the season, before leaf flush, soil is readily visible from the satellite perspec-

tive, which causes a divergence in NIRT from measured SIF (Figure S7). Thus, even though NIRT

is highly correlated with SIF for parts of the season, NIRV has a more consistent, inter-seasonal

relationship with SIF. Taken together, these results nicely illustrate that NIRV, as defined in Eq.
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9, does a better job of approximating the “black soil condition”, whereas soil contamination ren-

ders NIRT a less suitable candidate as the basis for calculating fesc. NIRV also outperforms the

SIF-NDVI relationship at these sites, further demonstrating the utility of combining NDVI and

NIRT together (Figure S7).

Site
(Ameriflux Code)

Lat./Lon. Biome
SIF-NIRV

R2
SIF-NIRT

R2
∆R2

(NIRV – NIRT)

US-Ha1 42.52, -72.17 Broadleaf Forest 0.72 0.61 0.11
US-CZ1 37.109, -119.73 Oak/Pine Woodland 0.71 0.18 0.53
US-SCg 33.74, -117.69 Grassland 0.24 0.02 0.22
US-Ho1 45.20, -68.74 Evergreen Forest 0.70 0.16 0.54
US-Ne1 41.17, -96.47 Cropland 0.87 0.88 -0.01

Table 4: NIRV has a stronger, more consistent relationship with daily measurements
of SIF than NIRT across multiple biomes. Daily MODIS reflectance values were compared
against daily, at-sensor radiance normalized SIF measurements from the TROPOMI sensor for the
period spanning March to August 2018.

4.4 Correcting Virtual Satellite Retrievals

Accurate estimates of fesc allow the conversion of directional measurements of SIFObs into esti-

mates of total emitted SIF, SIFTotal. Changes in both solar and viewing geometry cause variations

in SIFObs that are unrelated to differences in the true value of total emitted SIF. Ideally, SIFObs

should be converted to SIFTotal to serve as a common basis of estimating canopy APAR and, po-

tentially, gross primary production. When we ran SCOPE using view angles taken from actual

GOME-2 satellite retrievals for a single site, variations in viewing geometry resulted in upwards

of 70% variation in SIFObs (Figure 7A). Naively relating any one value of SIFObs to total emit-

ted SIF yielded a ±30% relative error in estimated SIFTotal (Figure 7B). Such variations have

no direct link to physiology and, if not accounted for, significantly bias attempts to use SIF to

infer canopy-scale and leaf-level physiology (e.g., ΦF ), especially across canopies with dissimilar

architectures. By contrast, SIFTotal calculated from NIRV-derived estimates of fesc has a max-

imum relative error of ±4.9% and ARE of 2.2% (Figure 7C). Such minimal errors should allow

SIF measurements to be more accurately compared across space and time to draw physiological

inferences.

NIRV provides a robust estimate of fesc across all values of FVC, resulting in accurate es-

timation of SIFTotal even under sparsely vegetated conditions (Figure 8). NITT, on the on the
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Figure 7: Variation in solar angle and view angle cause large differences in SIFObs. A)
View geometry alone causes upwards of a 70% difference in directional SIF, B) which if used as a
proxy for total emitted SIF causes ±30% differences in estimated SIFTotal. C) Adjusting SIF by
NIRV-derived fesc results in low relative errors of estimated SIFTotal. All data calculated using
SCOPE, with FVC equal to 0.5.

other hand, is strongly affected by soil reflectance, resulting in errors exceeding 50% in estimated

SIFTotal for low values of FVC. It is only under relatively high values of FVC (e.g., greater than

0.8) that NIRT-derived estimates of SIFTotal are on average more accurate than estimates of

SIFObs alone. The average relative error of directly scaling any one directional value of SIFObs

to SIFTotal remains constant at roughly 20% across all simulated values of FVC because SIF is

not influenced by soil background reflectance. Average relative error of NIRV-based estimates of

SIFTotal falls well below 10% for all values of FVC examined. Interestingly, the average relative er-

ror of NIRV-based SIFTotal was lower than NIRT-based estimates for all values of FVC, including

when FVC reached unity. This result demonstrates the usefulness of NIRV for both sparsely and

densely vegetated scenes.

5 Discussion

We demonstrated that the ratio of NIRV to fPAR is an accurate approximation of the escape ratio

of near-infrared SIF photons, providing a theoretically-grounded and computationally tractable ap-

proach for translating directional-based SIF measurements to comparable, whole-canopy estimates

of total emitted SIF. Importantly, the approach requires minimal assumptions and can be calcu-

lated using widely available optical remote sensing data. Our approach is immediately applicable

to in situ studies of SIF and a wide range of satellite-based SIF platforms, including the newly

launched TROPOMI sensor (Veefkind et al., 2012) and the upcoming FLEX mission (Drusch et
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al., 2017), both of which have access to simultaneous or near simultaneous measurements of re-

flectance and SIF, which allows for per-sounding fesc adjustments by NIRV. Our approach is also

useful for in situ studies of SIF, where diurnal shifts in sun-sensor geometry can significantly influ-

ence SIFObs and obscure underlying physiologyical changes in ΦF (Figure 7). To date, there have

only been a handful of studies explicitly focused on the escape ratio of SIF, including attempts to

correct for it. Romero et al. (2018) proposed an approach based on canopy reflectance, transmit-

tance, and soil reflectance to estimate the spectral shape of SIF emitted at the leaf-level. While

useful, the dependence on prior knowledge of soil reflectance and canopy transmitance limits the

practical application of the approach. Liu et al. (2018) took a purely statistical approach, combin-

ing machine learning with reflectance-based inputs to infer fesc of both red and near-infrared SIF.

While their approach performed well for even low LAI values, the approach we propose here using

NIRV

fPAR is both mechanistically and computationally simpler. In an independent study, Yang and

van der Tol (2018) showed that NIRT

i0·ωN
was a good approximation fesc under the black soil condi-

tion. Our work directly extends this concept by demonstrating that NIRV closely approximates

the black soil condition and is readily applicable in real-world remote sensing applications (Table

4).

5.1 Canopy Spectral Invariants

Our approach builds on recent advances in canopy radiative transfer theory, especially the devel-

opment of spectral invariant properties (SIP; Huang et al. 2007; Knyazikhin et al. 2013; Stenberg

et al. 2016). SIP dramatically reduce the complexity of characterizing whole-canopy radiative

processes, breaking down the radiative transfer process into three main components: i0, the prob-

ability a photon interacts with vegetation; ρn, the probability a photon escapes the canopy on its

n-th collision; and pn, the probability a photon, after its n-th recollision, recollides with vegetation

yet again. Together, i0, ρ, and p can be combined to characterize even the most complex radiative

environments, across all wavelengths of light. In many ways, the development of SIP is akin to the

development of leaf-level spectral models, whereby detailed knowledge of the internal complexity

of the leaf (e.g., chlorophyll content, mesophyll density) and its effect on radiative transfer, can in-

stead be characterized by only a few parameters (e.g., Jacquemoud and Baret 1990). SIP enables

the same reduction in complexity at the scale of the entire canopy (Stenberg et al., 2016).

Our results demonstrate that NIRV serves as a new tool for capturing SIP parameters from
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remote sensing. Indeed, the term fesc can be explicitly expressed in terms of both ρ and p (see

Appendix). Given that NIRV also relates to i0 (Eq. 9), NIRV can in principle serve as the basis

for individually retrieving i0, ρ, and p. Fully separating the influence of each parameter, how-

ever, likely requires use of multi-angular data and perhaps some ancillary data (e.g., fPAR, leaf

spectral properties). In the meantime, the fact that NIRV captures the effects of i0, ρ, and p is

sufficient for accurately characterizing the canopy radiative environment and estimating SIFTotal

from measurements of SIFObs. Our formulation of using NIRV to calculate fesc might also find

use in process-based ecosystem models, by way of simplifying canopy radiative transfer processes.

Many of these models already simulate or take as inputs all the variables needed to estimate fesc

from NIRV. One potential use of these data suggested by our analysis would be explicitly scal-

ing modeled estimates of SIFTotal to estimates of SIFObs for comparison with ground-based and

satellite observations of SIF. Finally, NIRV has the distinct advantage of approximating black

soil conditions, meaning it is readily usable in remote sensing applications, where LAI and FVC

are often low and soil contamination is nearly universal (Figure 4; Table 4). Previously proposed

SIP-based indices, like the directional area scattering factor (DASF), require explicit considera-

tion of soil background effects (Knyazikhin et al., 2013). In fact, NIRV and its relationship to SIF

and BRFV can be expressed in terms of DASF (see Appendix, Eq. A9), providing additional op-

portunities for the synthesis of NIRV, SIP, and global scale remote sensing of vegetation (Köhler

et al., 2018). Such synthesis should help resolve outstanding questions about the relative controls

of canopy-scale structure and physiology on plant productivity, a topic that has received growing

attention in recent years (e.g., Migliavacca et al., 2017).

5.2 The Radiative Transfer of Fluorescence

Calculating total emitted near-infrared SIF, as opposed to directional SIF, is an important step in

using SIF to accurately estimate GPP. Several recent SIF studies, including Guanter et al. (2012),

Zhang et al. (2016), and Sun et al. (2018) found that the slope of the SIF-GPP relationship varied

by biome. However, these studies did not fully account for directional effects and canopy escape

ratio. As a result, the per biome relationships previously described might be partly caused by dif-

ferences in latitude and time of year, LAD, FVC, LAI and soil brightness affecting fesc. Although

the SIF-GPP relationship can be influenced by many factors, including physiological (e.g., C3 and

C4 pathways of photosynthesis) and environmental factors, variations in the radiative transfer of
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SIF (manifest in differing fesc) can result in ±30% differences in observed SIF (Figure 7), which

likely plays an important role in explaining spatial patterns of SIF at the global scale.

Accurate estimation of SIFTotal is especially critical to efforts to study variations in fluores-

cence yield (ΦF , see Eq. 1) at the canopy scale and beyond. ΦF is itself directly related to how

energy is partitioned between photochemical and non-photochemical processes within the leaf,

making the measurement and prediction of ΦF an essential step in successfully using SIF to in-

vestigate plant physiology (Porcar-Castell et al., 2014). However, ΦF is both a small (approx. 1%

± 0.5% of APAR) and highly dynamic signal (Krause and Weis, 1991), varying on daily and sea-

sonal timescales (Miao et al., 2018; Porcar-Castell, 2011; Yang et al., 2018), as well as across space

(Atherton et al., 2017; Malenovský et al., 2009). Such a small, complex signal, whose variations

are small relative to its mean value, is easily obscured by fesc induced variations in SIF. NIRV

offers one approach for removing the effects of fesc, which is a key step in the challenge of mecha-

nistically linking SIF to GPP. Previously, Badgley et al. (2017) used simulations to show that the

ratio of SIF to NIRV can be used to discern variations in ΦF . Our results relating NIRV to fesc

provide a physical explanation for why this approach works by linking NIRV to BRFV.

In evaluating the suitability of using NIRV to estimate fesc of SIF, it is helpful to consider un-

certainties in our approach. From a physical standpoint, SIF and NIRV are generated by different

processes within the canopy, which means that canopy-scale fesc of SIF can differ from the fesc of

NIRV. More specifically, vertical variations and differences in ΦF and ωN cause SIF and NIR pho-

tons to originate from different places within the canopy. Thankfully, these differences are small,

as demonstrated by a series of supplementary SCOPE simulations we conducted to quantify the

effect (Table S1). We ran three simulations: i) a baseline for comparison, ii) a simulation where

we varied meteorological and biochemical parameters that affect ΦF but have no influence on

ωN , and iii) a simulation where we varied leaf optical parameters affecting ωN but have no influ-

ence on ΦF . In both instances, varying meteorological variables and leaf optical properties causes

only the slightest change in the R2 and RMSE of the fesc of SIF and fesc of NIRV relationship,

(Figure S8).

One additional uncertainty in our approach concerns the spectral mismatch between near-

infrared SIF (calculated between 740–760 nm) and NIRV, measured at 858 nm to be consistent

with MODIS. Differences in leaf albedo across these wavelengths mean that the fesc of a solar

photon at 858 nm is not strictly equal to the fesc of a SIF photon at a shorter wavelength. In
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practice, however, these differences are small. Using SCOPE, we performed two additional simula-

tions: i) simulating both NIRV and SIF at 760 nm and ii) simulating SIF at 740 nm and NIRV at

858 nm. As expected, measuring NIRV and SIF at the same wavelength improves the linearity of

fesc estimated by NIRV with simulated fesc of SIF (R2 = 0.93, up from 0.91; Figure S9). In prac-

tical terms, however, NIR reflectance is typically measured at much longer wavelengths to avoid

several strong atmospheric absorption features that complicate the accurate retrieval of surface

reflectance from space-borne sensors. MODIS, VIIRS (the Visible Infrared Imaging Radiometer

Suite), and Landsat all measure NIR at wavelengths extending beyond 800 nm. Therefore, from

a data availability standpoint, satellite-based studies that use NIRV from these sensors likely ne-

cessitate accommodating some degree of spectral mismatch when compared against SIF. However,

studies should consider calculating fesc using the same wavelength as retrieved fluorescence if the

NIR data is available. In the same way, SIF measured at 740 nm, where chlorophyll more strongly

reabsorbs SIF photons, degrades the accuracy of NIRV-derived fesc (Figure S10). While this ef-

fect is small, causing an increase of RMSE of less than 0.2% and a reduction of R2 of 0.08, it is

nonetheless worth mentioning. Future work to more accurately characterize the within-canopy

re-absorption of SIF (e.g., Romero et al., 2018) and incorporate such effects into SIF retrievals can

help ameliorate the uncertainties that arise from the spectral mismatch of SIF and NIRV.

5.3 Approximating BRFV with NIRV

NIRV minimizes the effects of variations in soil brightness, even under conditions where the NDVI

of the soil is high and LAI (or FVC) is low (Figure 4). Yet in these cases, it is important to keep

in mind that NIRV is still only an approximation of BRFV. In our simulations, NIRV was slightly

lower than BRFV when the LAI was low and, by contrast, was higher than BRFV when the LAI

was high (Figure 1). This is due to the fact that NDVI is not strictly equal to 0 when LAI is 0

and does not necessarily equal 1 when LAI is high because non-vegetated surfaces (e.g., soil) can

have a non-zero NDVI and FVC rarely reaches 1.

In practical terms, this effect can be further reduced by normalizing NDVI on a per-pixel basis

to account for spatial variation in the multi-year average value of NDVImin and NDVImax. More

specifically, the NDVI in Eq. 8 could instead be replaced by NDVI
′
, which takes the form:
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Figure 9: NIRV can be further improved by accounting for per-pixel minimum
(NDVImin) and maximum (NDVImax) values of NDVI. NDVImin and NDVImax can be
derived from multi-angular remote sensing data, allowing NIRV to even more closely approximate
BRFV (see Eq. 9).

NDV I
′

=
NDV I −NDV Imin

NDV Imax −NDV Imin
. (16)

In initial simulations where Eq. 16 is substituted into Eq. 8, we found a 35% reduction in RMSE

of the NIRV-BRFV relationship, with especially large improvements under extremely high and

low values of LAI and FVC (Figure 9). Adjusting for the overall range of NDVI makes the NIRV-

BRFV relationship nearly one-to-one, with a small intercept of 0.02 and a slope of 1.01.

Fully adopting Eq. 16 would introduce two additional unknown parameters, NDVImin and

NDVImax, which might hinder application. However, there exist multi-angular remote sensing ap-

proaches for quantifying NDVImin and NDVImax that could lead to further improvements in NIRV,

especially over sparse canopies (Mu et al., 2017; Song et al., 2017). Our analysis of MODIS and

TROPOMI data showed that the NIRV-SIF relationship was relatively non-linear at a sparsely

vegetated grassland site, which might arise from NIRV being an inadequate approximation of

the black soil condition when vegetation cover is extremely low (Table 4 and Fig. S7). Future

work will need to establish the exact lower bound of FVC where the NIRV approximation of

NDV I · NIRT breaks down in practice. Further improvements could also be made by properly

accounting for spatial and temporal variation in ωN , the leaf single scattering albedo in the NIR

band (see Eq. 4). Such a modification would introduce yet another per-pixel parameter, though
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accounting for variations in ωN might prove practical for site-level studies.

5.4 Applications without knowledge of fPAR

Perhaps the largest downside to our proposed measure of fesc is its reliance on readily available

and reliable fPAR data. In fact, using Eq. 12 to estimate total emitted SIF not only requires

fPAR, it also requires that NIRV be calculated with near-identical sun-canopy-sensor geometry to

SIF. The forthcoming FLEX mission, for example, will fly in tandem with another European satel-

lite, Sentinel 3 (S-3), allowing the co-registration of a FLEX-based SIF product with the S-3 fPAR

product (Gobron, 2010) and NIRV, as laid out in the FLEX mission concept plan (Drusch et al.,

2017). Development of fPAR products based on data from existing SIF sensors that also make

reflectance measurements in the visible domain (such as GOME-2), could provide another avenue

for using our NIRV-based correction of fesc. Further complications are introduced by the need

to measure fPARgreen, as opposed to simply the interaction of photons with non-photosynthetic

aspects of the canopy. This is a lingering challenge that continues to motivate advances in the

remote sensing of fPAR (e.g., Zhang et al., 2005) that will ultimately benefit the more robust

calculation of fesc. Gower et al. (1999) found that the difference between fPAR and fPARgreen di-

verged between 5% and 35%, though in practice they argued that the difference likely falls on the

lower end of this range because leaves tend to preferentially cluster around branches, as opposed

to being randomly distributed throughout the canopy (see also, Dufrêne and Bréda, 1995). Such

reasoning has empirical support as well. Both Kucharik et al. (1998) and Ryu et al. (2012) found

that woody elements of the canopy were largely masked by vegetation, resulting in only small

differences between plant area index and leaf area index. While accurately calculating fPAR com-

plicates the global application of Eq. 12, the approach should be more than suitable for in situ

studies where SIF, NIRV, and fPAR can be more robustly determined through careful site-level

instrumentation. If combined with in situ measurements of photosynthesis, these data might help

in further elucidating the nature of SIF-NIRV-photosynthesis relationship.

Alternatively, it should still be possible to use Eq. 12 even without knowing fPAR to nor-

malize SIF to a constant viewing geometry. Cross-sensor combinations of SIF and reflectance

data should be possible so long as SIF and optical measurements are made in close succession,

such that the fPAR across the two satellite measurements can be assumed constant. While such

an approach would enable the normalization of SIF and allow for comparisons of SIF measure-
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ments across space, it would not allow the precise calculation of SIFTotal due to uncertainty in

the true value of fPAR. In this mode, MODIS BRF products might be used to calculate NIRV

and combined with off-nadir SIF and NIRV observations from TROPOMI or OCO-2 to gen-

erate a nadir-normalized SIF dataset. Even more promising is the newly launched EPIC sen-

sor, a high-resolution spectral camera capable of capturing sub-hourly, full-disc images of the

Earth at roughly 10 km2 (Marshak and Knyazikhin, 2017). EPIC is situated such that it stares

directly into the hot-spot, which offers two unique advantages. First, constant view geometry

and high temporal resolution would allow normalization using near simultaneous observations to

the EPIC view, which would eliminate seasonal changes in solar elevation that still complicate

nadir-adjusted imagery. Second, looking into the hot-spot means that EPIC mostly sees only fully-

illuminated leaves. Sun-lit leaves, in turn, contribute the lion-share of total emitted fluorescence,

meaning hot-spot observations of NIRV may be expected to provide directional-corrected measure-

ments of SIF that strongly correlate with total emitted SIF and in turn provide a strong basis for

estimating APAR and GPP globally.

6 Conclusion

The escape ratio between directional SIF and total emitted SIF can influence the SIF-GPP rela-

tionship and is determined by the sun-canopy-sensor geometry, canopy structure parameters and

leaf/soil optical properties. The widely used radiative transfer forward models require knowledge

of canopy structure parameters and leaf/soil optical properties, while the relatively easier BRFT

approach can only be used over dense canopies or against dark soil backgrounds. We developed a

simple but accurate approach to estimate the escape ratio, NIRV

fPAR , which effectively removes the

influence of soil reflectance and can be easily applied using existing in situ or remotely sensed

NIRV and fPAR datasets. The proposed escape ratio formula was evaluated for different canopy

structure, soil brightness, and view geometry cases by SCOPE simulations, and achieved higher

accuracy than the BRFT approach.
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Appendix

Canopy Spectral Invariants Primer

This Appendix provides additional background on canopy spectral invariant theory and how

spectral invariant properties (SIP) relate to BRF and fesc. For a complete introduction, see

Knyazikhin et al. (2013) and Stenberg et al. (2016). For our purposes, we are more interested

in the practical application of SIP to better understand fesc. The three SIP parameters used in

our derivation relating NIRV and fPAR to fesc are:

1. Escape probability (ρn(Ω)): the probability that a solar photon, on its n-th interaction

with a vegetated element of the canopy, escapes the canopy in the direction Ω.

2. Recollision probability (pn): the probability that a solar photon, on its n-th interaction

with a vegetated element of the canopy, recollides with the canopy an n-th plus one time.

3. Canopy interceptance (i0): the probability that an incoming solar photon interacts with

a vegetated element of the canopy.

Importantly, SIP hold for all wavelengths of incoming light. In this sense, SIP allows for canopy

radiative transfer to be treated in the abstract, as opposed to requiring detailed knowledge of

canopy geometry.

Spectral Invariants and fesc

SIP are relevant to the manuscript at hand, as fesc can be described purely in terms of ρn, pn,

and the near-infrared (NIR) leaf albedo, ωN , which although not an invariant property, is rela-

tively invariant across time and space (Asner, 1998; Gates et al., 1965). Using these terms, fesc

can be described as:

fescBS (λf ,Ω) = ρ1(Ω)

+ p1 · ω(λf ) · ρ2(Ω)

+ p1 · ω(λf ) · p2 · ω(λf ) · ρ3(Ω)

+ . . . .

(A1)
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Note that for purposes of this Text, we present all results in terms of the “black soil” condition,

which we denote with the subscript “BS.” All Equations can be expanded to account for the multi-

ple scattering of a reflective soil background, but are excluded here both for brevity and because

NIRV closely approximates the BS condition. Furthermore, for Eq. A1, the SIF re-excited by

multiple scattered SIF photons are regarded as negligible (<0.1%) (Zhao et al., 2016).

The geometric series in Eq. A1 can be more succinctly written as:

fescBS (λf ,Ω) =
ρ(Ω)

1− pω(λf )
, (A2)

which more directly illustrates the relationship of ρ and p to fesc. As was the case in the Main

Text, Eq. A2 can again be simplified if ωN is assumed to equal 1. Of course, precise knowledge of

ωN would improve estimates of fesc. Furthermore, the linearity of NIRV and fesc by Eq. 12 from

the Main Text underscores our claim that NIRV represents a new tool for exploring SIP at large

scales.

The Directional Area Scattering Factor

SIP also allow use to describe the relationship between SIF, fesc, and NIRV in slightly more com-

prehensive terms. The following Equations were helpful in our own exploration of the NIRV-fesc

relationship and, for this reason, we present them here.

The three SIP outlined above combine together to form a parameter known as the directional

area scattering factor (DASF):

DASF =
ρ(Ω)i0
1− p

, (A3)

which fully describes the canopy radiative transfer environment. Below, we use DASF as a bridg-

ing term between fesc, directional SIF, and NIRV. We do this by describing each of these vari-

ables in terms of DASF.

We start by relating fesc to DASF, which requires only a slight modification of Eq. A2. By

slightly rearranging how we reduce the Neumann series presented in Eq. A1 and simultaneously

multiplying and dividing by i0, we get:
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fescBS (λf ,Ω) =
ρ(Ω)

1− pω(λf )

=
ρ(Ω)i0
1− p

· 1− p
1− pω(λf )

· 1

i0

≈ DASF · 1

i0
.

(A4)

Next, we can describe directional SIF as a function of total emitted SIF and the escape ratio.

The total emitted SIF by all leaves within the canopy can be written as:

SIFTotal(λf ) = i0

∫ 750

400

Qdir(λe) ·M(λe, λf ) · Φ′F dλe (A5)

where Qdir(λe) is incoming photon flux density at wavelength λe (we ignore diffuse radiation for

now), M(λe, λf ) is the leaf fluorescence excitation-emission matrix where rows represent the exci-

tation wavelength λe from 400 to 750 nm, and columns represent the emission wavelength λf from

640 to 850 nm (van der Tol et al., 2009). M(λe, λf ) is linearly scaled with the amplification factor

Φ′F which is PAR-dependent and can vary throughout the canopy. SIFTotal becomes directional

SIF (SIF(Ω)) by accounting for fesc:

SIF (λf ,Ω) = SIFTotal(λf ) · fescBS (λf ,Ω), (A6)

which can be fully expanded to:

SIF (λf ,Ω) =
ρ(Ω)i0
1− p

·
[

1− p
1− pω(λf )

∫ 750

400

Qdir(λe) ·M(λe, λf ) · Φ
′

F dλe

]
= DASF · CES.

(A7)

Eq. A7 neatly partitions SIF into two components: the purely structural/radiative transform com-

ponent represented by DASF and what we call the canopy emission-scattering (CES) coefficient,

which relates to leaf biochemical properties by M(λe, λf ), incident radiation Qdir(λe), and electron

transport via Φ
′

F .

The final step in relating NIRV to fesc via DASF is describing BRFV in terms of DASF. This

step has previously been described by Knyazikhin et al. (2013) in the same paper in which DASF
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was first introduced:

BRFV (λf ,Ω) =
ρ(Ω)i0
1− p

·
[

1− p
1− pω(λf )

ω(λf )

]
= DASF · CSC.

(A8)

As was the case in Eq. A7, this rearrangement separates structural concerns (encapsulated by

DASF) and the canopy scattering coefficient (CSC), which relates to leaf albedo (see also, Köhler

et al., 2018).

With this, all the pieces are in place for relating NIRV, SIF, and fesc to each other via DASF.

To fully complete the circle, from Eqs. A4, A8 and 10 from the Main Text, we can write:

DASF =
NIRV

CSC

≈ NIRV

ωN
.

(A9)
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Glossary

ABSV : canopy absorbance of visible light

BRF : bidirectional reflectance factor

BRFT : the total scene bidirectional reflectance factor

BRFV : contribution to BRFT of photons reflected off only the scene’s vegetative component

BRFS : contribution to BRFT of photons reflected off soil alone

BRFM : contribution to BRFT of photons from multiple scattering between the vegetation and soil

BS: black soil problem

CES: Canopy Emission/Scattering coefficient

CSC: Canopy Scattering Coefficient

DASF: Directional Area Scattering Factor

FVC: fractional vegetation cover

FV : the fraction of NIRT that originates from interactions with vegetation alone

FS : the fraction of NIRT that originates from interactions with soil alone

FM : the fraction of NIRT that originates from the multiple scattering between the vegetation and

soil

fPAR: the fraction of absorbed photosynthetically active radiation

fPARchl: the fraction of PAR absorbed by chlorophyll

f esc(λf ,Ω): escape ratio, which is the fraction of SIF photons at a given wavelength (λf ) that

ultimately escape the canopy and are observed at the view angle of Ω

ΦF : the quantum yield of fluorescence

Φ′F : the amplification factor of the quantum yield of fluorescence

i0: canopy interceptance, which is the probability that an incoming solar photon interacts with a

vegetated element of the canopy

LAI: leaf area index

M
(
λe, λf

)
: he leaf fluorescence excitation-emission matrix where rows represent the excitation

wavelength λe from 400 to 750 nm, and columns represent the emission wavelength λf from

640 to 850nm

NDVI: the normalized difference vegetation index

NIRT : shorthand for BRFT (NIR)
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NIR
′

T : the total NIR radiance reflected by the land surface

NIRV : the NIR reflectance of vegetation, which can be calculated by NDV I • NIRT and is an

approximation of BRFV (NIR)

NIR
′

V : the total NIR radiance reflected by the vegetated component of the land surface

NIRS : contribution to NIRT of photons reflected off soil alone

NIRM : contribution to NIRT of photons from multiple scattering between the vegetation and soil

PAR: absorbed photosynthetically active radiation

ρn (Ω): Escape probability, which is the probability that a solar photon, on its n-th interaction

with a vegetated element of the canopy, escapes the canopy in the direction Ω

pn: Recollision probability, which is the probability that a solar photon, on its n-th interaction

with a vegetated element of the canopy, recollides with the canopy an n-th plus one time.

Qdir (λe): the direct incoming photon flux density at wavelength λe

Sλ: the flux of incoming solar radiation at wavelength λ

SIF: solar-induced chlorophyll fluorescence

SIFTotal (λf ): the sum of all SIF photons at a given wavelength (λf ) emitted by all leaves within

the canopy in all directions

SIFObs(λf ,Ω) : SIF radiance observed at the top of canopy at a given wavelength (λf ) and at the

view angle of Ω

SIP: spectral invariant properties

ωλf
: leaf single scattering albedo at wavelength λf
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Figure S1: The relationship between whole-scene NIR reflectance, NIRT, and BRFV

in the near-infrared. NIRT is mostly linear with BRFV, except for when FVC is low.
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Figure S2: The relationship between NDVI and fPAR. While mostly linear, NDVI and
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using the SCOPE simulations outlined in Table 1.
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(a) (b)

Figure S4: A) Nadir and B) side views of the three-dimensional canopy used to gen-
erate Figs. 5 and 6.
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Figure S5: The relationship of NIRT and fesc of SIF. NIRT alone is a poor predictor of
fesc due to the effects of soil contamination.
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NIRT for a non-uniform (top-view, C & side-view, D), 3-D canopy simulated by
DART. When soil constitutes a large fraction of the scene, the influence of BRFS over NIRT

results in a large reduction in the linearity of the SIF-NIRT relationship.
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Figure S7: Comparison of NIRV, NIRT, and NDVI against radiation-normalized SIF
at five sites across North America. Reflectance data from MODIS MCD43A4. SIF data from
TROPOMI.
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Figure S8: SCOPE simulations comparing a A) baseline scenario with B) simulations
designed to only vary ΦF and C) simulations that vary ωN . Differences in ΦF and ωN
cause only slight decoupling of the fesc of SIF relative to the fesc of NIRV. All data generated
using SCOPE, with parameter ranges described in Table S1
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Figure S9: fesc from NIRV is more linear with fesc of SIF when both are measured at
the same wavelength. For purposes of atmospheric correction, however, NIR reflectance is often
measured at longer wavelengths (greater than 800 nm).
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Figure S10: fesc of SIF at 740 nm is more affected by within-canopy reabsorption of
SIF photons by chlorophyll than SIF photons emitted at 760 nm, weakening the pre-
dictive power of fesc by NIRV. Correcting such effects requires incorporating information about
canopy chlorophyll content into SIF retrievals.
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Variables Values

Baseline
(Figure S8A)

Leaf area index (LAI) 0.5, 1, 3, 5

View zenith angle 0◦, 10◦, 20◦, 30◦, 40◦, 50◦, 60◦

Meteorology & Biochemistry
(ΦF Experiment; Figure S8B)

VCmax 60, 120

Vertical VCmax extinction (kV) 0.6396, 0.85

Shortwave radiation (Rin) 600, 1200

Air temperature (Ta) 20, 40

Air pressure (p) 970, 1090

Leaf Scattering
(ωN Experiment; Figure S8C)

Dry matter content (Cdm) 0.012, 0.024

Leaf thickness (N) 1.4, 1.8

Table S1: SCOPE parameters and their ranges that were varied for the experiment
to study differences in fesc caused by ΦF and ωN . Overall, the effects are quite small. All
unlisted parameters were kept at their default value in SCOPE v1.70.
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