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Abstract

Solar-induced fluorescence (SIF) shows enormous promise as a proxy for photosynthesis and as a tool for modeling variability
in gross primary productivity (GPP) and net biosphere exchange (NBE). In this study, we explore the skill of SIF and other
vegetation indicators in predicting variability in global atmospheric CO2 observations, and thus global variability in NBE. We
do so using a four-year record of global CO2 observations from NASA’s Orbiting Carbon Observatory 2 (OCO-2) satellite
and using a geostatistical inverse model. We find that existing SIF products closely correlate with space-time variability in
atmospheric CO2 observations in the extra-tropics but show weaker explanatory power across the tropics. In the extra-tropics,
all SIF products exhibit greater skill in explaining variability in atmospheric CO2 observations compared to an ensemble of
process-based CO2 flux models and other vegetation indicators. Furthermore, we find that using SIF as a predictor variable
in the geosatistical inverse model shifts the seasonal cycle of estimated NBE and yields an earlier end to the growing season
relative to other vegetation indicators. In tropical biomes, by contrast, the seasonal cycles of SIF products and estimated NBE
are out of phase, and existing respiration and biomass burning estimates do not reconcile this discrepancy. Overall, our results
highlight several advantages and challenges of using SIF products to help predict global variability in GPP and NBE.
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Key Points:

« SIF products adeptly explain variability in atmospheric CO2 observations, and
thus in CO2 fluxes, in the extra-tropics but not the tropics.

+ Inverse model estimates of net biospheric exchange (NBE) that are informed by
SIF exhibit a different seasonal cycle in the extra-tropics

« The seasonal cycle of SIF products in tropical biomes is out of phase with inverse
estimates of NBE.

Corresponding author: Mingyang Zhang, mzhang78@jhu. edu



23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

Abstract

Solar-induced fluorescence (SIF) shows enormous promise as a proxy for photosynthe-

sis and as a tool for modeling variability in gross primary productivity (GPP) and net
biosphere exchange (NBE). In this study, we explore the skill of SIF and other vegeta-
tion indicators in predicting variability in global atmospheric COs observations, and thus
global variability in NBE. We do so using a four-year record of global COs observations
from NASA’s Orbiting Carbon Observatory 2 (OCO-2) satellite and using a geostatis-
tical inverse model. We find that existing SIF products closely correlate with space-time
variability in atmospheric COs observations in the extra-tropics but show weaker explana-
tory power across the tropics. In the extra-tropics, all SIF products exhibit greater skill
in explaining variability in atmospheric CO2 observations compared to an ensemble of
process-based CO2 flux models and other vegetation indicators. Furthermore, we find
that using SIF as a predictor variable in the geosatistical inverse model shifts the sea-
sonal cycle of estimated NBE and yields an earlier end to the growing season relative to
other vegetation indicators. In tropical biomes, by contrast, the seasonal cycles of SIF
products and estimated NBE are out of phase, and existing respiration and biomass burn-
ing estimates do not reconcile this discrepancy. Overall, our results highlight several ad-
vantages and challenges of using SIF products to help predict global variability in GPP
and NBE.

1 Introduction

COy uptake by photosynthesis, also known as gross primary productivity (GPP),
is a key driver of the carbon cycle (e.g., Beer et al., 2010; Field et al., 1995). However,
global-scale patterns in GPP are difficult to estimate. For example, terrestrial biospheric
flux models (TBMs) give widely different estimates of GPP; models do not show con-
sensus on the global magnitude of GPP, seasonal amplitude, or inter-annual variability
— often due to divergent model responses to environmental conditions (e.g., Anav et al.,
2015; Huntzinger et al., 2012, 2017). Huntzinger et al. (2012) further argue that uncer-
tainties in estimated GPP dominate uncertainties in modeled net biospheric exchange
(NBE), at least in an analysis of North America. In addition to models, multiple data-
driven GPP estimates are available, like those generated from eddy flux towers. How-
ever, eddy flux sites are unevenly distributed across the globe, and the data are often
up-scaled using machine learning algorithms to obtain a global GPP estimate (Jung et
al., 2019). These estimates also show numerous differences relative to TBMs (Jung et
al., 2020).

These uncertainties have motivated a longstanding interest in generating remote
sensing products that can help predict space-time patterns in GPP. Numerous studies
have argued that solar-induced fluorescence (SIF) holds particular promise in this regard
(e.g., Damm et al., 2015; Frankenberg et al., 2011; Guan et al., 2015; Guanter et al., 2014;
Kohler et al., 2018; X. Li, Xiao, & He, 2018; X. Li, Xiao, He, Arain, et al., 2018; Luus
et al., 2017; MacBean et al., 2018; Shiga et al., 2018a; Y. Sun et al., 2018; Verma et al.,
2017; Wood et al., 2017). SIF is radiation emitted in the red and near-infrared by chloro-
phyll. Hence, it can serve as an indicator of sunlight absorption by chlorophyll and there-
fore has the potential as a predictor of photosynthesis in plants. In the past decade, a
growing number of space-based sensors provide information on SIF, opening a new win-
dow into studying photosynthesis and GPP at local to global spatial scales.

Over the past decade, there has been a profusion of research on SIF and the car-
bon cycle. Several studies quantify the relationships between SIF and GPP, explore the
linearity or non-linearity of those relationships, and how those relationships vary across
different vegetation types (e.g., A. Chen et al., 2021; Gu et al., 2019; Helm et al., 2020;
Kim et al., 2021; Z. Li et al., 2020; X. Li & Xiao, 2022; Magney et al., 2017; Magney,
Frankenberg, et al., 2019; Marrs et al., 2020; Y. Sun et al., 2018; Verma et al., 2017; Wood
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et al., 2017). Additional studies explore how SIF varies during climate anomalies like heat-
waves or drought (e.g., Guan et al., 2016; He et al., 2019; Helm et al., 2020; Jiao et al.,
2019; Shekhar et al., 2020; L. Zhang et al., 2019).

In general, most studies show a close correlation between SIF and GPP at space-
time scales that are observable by current satellite observations of SIF (e.g., Franken-
berg et al., 2011; Guanter et al., 2012, 2014; X. Li, Xiao, He, Arain, et al., 2018; Y. Sun
et al., 2018; Verma et al., 2017; Wood et al., 2017). By contrast, the relationship between
SIF and GPP can be non-linear and/or weak at the scale of individual leaves or plants,
partly due to variability in photosynthetic efficiency at these scales (e.g., Magney et al.,
2020). With that said, the non-linearities found at sub-canopy scales often average out
at kilometer spatial scales (Magney et al., 2020) and when SIF is upscaled from instan-
taneous to daily or monthly scales (e.g., Hu et al., 2018; Pierrat et al., 2022). Specifi-
cally, SIF-GPP relationships are likely strongest across coarser space-time scales where
GPP closely correlates with absorbed photosynthetically active radiation (APAR) (e.g.,
Magney et al., 2020; Marrs et al., 2020).

Numerous works also compare and contrast SIF against other vegetation indica-
tors that are commonly used to model the global carbon cycle, including the enhanced
vegetation index (EVI) and normalized difference vegetation index (NDVI) (e.g., Chang
et al., 2019; Doughty et al., 2021; Jeong et al., 2017; Magney, Bowling, et al., 2019; Shiga
et al., 2018a; Yang et al., 2015; J. Zhang et al., 2022; Zuromski et al., 2018). In general,
SIF appears to reflect changes in GPP induced by seasonal or climate-related variabil-
ity more quickly than either EVI or NDVT (e.g., Luus et al., 2017; Jeong et al., 2017; Mag-
ney, Bowling, et al., 2019; Meroni et al., 2009; Shekhar et al., 2020; F. Wang et al., 2020).

In addition to SIF, another vegetation indicator, known as the near-infrared reflectance
of vegetation (NIRv), has recently gained attention as a potential proxy for GPP. NIRv
is the estimated portion of near-infrared (NIR) reflectance that is due to vegetation (Badgley
et al., 2017, 2019; Dechant et al., 2020, 2022). One motive for the creation of NIRv is
to decrease contamination due to non-vegetation (branches, litter, etc.) that can be present
in other vegetation indicators like EVI and NDVI. Existing studies show that NIRv cor-
relates with GPP (Badgley et al., 2017), largely because NIRv indicates variation in canopy
structure, which was shown to correlate with light use efficiency and GPP at several crop
sites (Dechant et al., 2020).

There has also been substantial interest in incorporating SIF within TBMs to im-
prove regional to global estimates of GPP and NBE (e.g., Bacour et al., 2019; Luus et
al., 2017; MacBean et al., 2018; Parazoo et al., 2020; Thum et al., 2017). However, it is
challenging to evaluate the relationships between SIF and GPP or NBE across large re-
gions and across the entire globe. For example, existing studies often evaluate these re-
lationships at eddy flux sites, which have a very localized footprint (e.g., Dechant et al.,
2022; S. Wang et al., 2021; Wood et al., 2017) or evaluate these relationships across larger
regions using model estimates of GPP (e.g., Byrne et al., 2018; Frankenberg et al., 2011;
Verma et al., 2017).

Atmospheric CO4 observations, by contrast, provide an opportunity to evaluate the
skill of vegetation indicators in describing space-time variability in GPP and NBE across
larger regions. Satellites like OCO-2 provide global coverage of COs observations, includ-
ing regions with sparse ground-based atmospheric or eddy flux CO5 data. The task of
evaluating vegetation indicators using atmospheric CO5 observations entails several chal-
lenges. First, atmospheric observations are influenced by all types of CO5 fluxes, not just
GPP. Second, atmospheric CO5 observations do not provide a direct measure of surface
CO fluxes and typically necessitate an atmospheric model and/or inverse model to re-
late observations to surface fluxes.
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Several existing studies provide a possible road map for how to connect atmospheric
CO; observations with vegetation indicators. For example, a handful of studies directly
compare the seasonal cycles of SIF against satellite-based COs observations across the
Amazon (e.g., Parazoo et al., 2013; Albright et al., 2022); these studies report that the
seasonality of SIF and atmospheric CO; are modestly anti-correlated, implying that GPP
is driving the seasonality of NBE in this region (Parazoo et al., 2013). Additional stud-
ies use SIF to help interpret space-time patterns in NBE estimated using atmospheric
COg observations and inverse modeling (e.g., Liu et al., 2017, 2020; Byrne et al., 2021).

Shiga et al. (2018a) use a different approach to evaluate vegetation indicators us-
ing atmospheric CO2 observations across North America. The authors estimate NBE us-
ing a geostatistical inverse model (GIM) that is paired with an atmospheric transport
model. They test out different vegetation indicators as predictor variables of NBE within
the inverse model and evaluate how well each helps the inverse model match atmospheric
COg observations. Using this framework, the authors find a stronger correlation between
atmospheric CO4 observations and SIF relative to other vegetation indicators. The au-
thors posit that SIF better captures peak COs uptake in croplands and better describes
seasonal transitions in boreal evergreeen forests.

In the present study, we use atmospheric CO5 observations and a GIM to evalu-
ate the ability of SIF products, NIRv, and other vegetation indicators to help constrain
global patterns in NBE. We are particularly interested in why SIF products are (or are
not) better predictors of space-time variability in atmospheric COs observations rela-
tive to other vegetation indicators. We then compare the ability of SIF products to help
describe variability in atmospheric COy observations against state-of-the-art TBMs. We
are also interested in how estimated NBE changes globally when we use different veg-
etation indicators as predictors.

2 Methods

The overall approach in this study is to incorporate different vegetation indicators
as predictor variables of NBE in a geostatistical inverse model (GIM). The GIM is fit-
ted to global COy observations from OCO-2 or in situ CO5 observations. The approach
used here follows that of Shiga et al. (2018a), who evaluate the relationships between SIF
and NBE across North America using in situ CO5 observations. It also builds upon the
methodology developed in previous GIM studies using both in situ and satellite CO2 ob-
servations (e.g., Gourdji et al., 2008; Shiga et al., 2018b; S. M. Miller et al., 2020a; Z. Chen
et al., 2021a, 2021b).

2.1 The atmospheric inverse model

A GIM will produce an estimate of CO2 fluxes (in this case, the sum of NBE, an-
thropogenic emissions, and ocean fluxes) using atmospheric COy observations, an atmo-
spheric transport model, and predictor variables of CO5 fluxes. Specifically, a GIM mod-
els CO4 fluxes as the sum of two different components (e.g., Kitanidis & Vomvoris, 1983;
Michalak et al., 2004; Fang et al., 2014; Z. Chen et al., 2021a):

s=XB+¢ (1)

The first component (X/3) is a linear model of different predictor variables that may help
describe variability in NBE. In the above equation, s are total COs fluxes, the sum of
NBE, ocean fluxes, and anthropogenic emissions. The dimensions of s are mx1, where

m is the number of model grid cells at all different times and locations. The variable X

is a matrix of different predictor variables, and each column of X is a different predic-

tor. If there are p predictor variables, then X has dimensions mxp. In previous stud-

ies, these predictor variables have included vegetation indicators, environmental data (e.g.,
estimates of soil moisture or PAR), estimates of biomass burning CO5 fluxes, estimates
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of ocean CO; fluxes, and estimates of anthropogenic COy emissions (e.g., Gourdji et al.,
2008, 2012; Fang et al., 2014; Fang & Michalak, 2015; Shiga et al., 2018a, 2018b; Z. Chen
et al., 2021a, 2021b). The coefficients (3, dimensions px1) scale the overall magnitude
of each predictor variable. These coefficients are estimated as part of the GIM to opti-
mize the model fit against CO5 observations, a topic discussed later in this section.

It is unlikely that any combination of predictor variables will be able to perfectly
match actual CO2 fluxes (e.g., Gourdji et al., 2008, 2012; Z. Chen et al., 2021a). There
may be errors in these predictor variables, and/or there may be complex processes gov-
erning NBE that cannot be explained by a linear combination of available predictor vari-
ables. In the second component of Eq. 1, denoted ¢ (dimensions mx1), the GIM will
quantify additional patterns in CO5 fluxes such that the COs flux estimate better matches
atmospheric COy observations (e.g., Michalak et al., 2004). This component can vary
in each model grid box and at each time step (in this case, each day).

Note that we subtract anthropogenic emissions from our estimate of s to obtain
an estimate of NBE. In this study, we use an anthropogenic emissions estimate from the
Open-source Data Inventory for Anthropogenic CO; (ODIAC, Oda et al., 2018) as a
predictor variable in X, and we subsequently subtract ODIAC from our estimate of s
to obtain an estimate of NBE. Note that it is standard practice in existing inverse mod-
eling studies of CO4 to subtract the influence of anthropogenic emissions in order to ob-
tain an estimate of NBE (e.g., Gourdji et al., 2012; Z. Chen et al., 2021a, 2021b; Peiro
et al., 2022). We do not attempt to further partition the NBE estimate into GPP, res-
piration, or biomass burning fluxes. We argue that the atmospheric CO5 observations
used in this study do not provide sufficient information to confidently partition the NBE
estimate into these categories. Furthermore, no existing GIM study has attempted this
type of partitioning (e.g., Michalak et al., 2004; Gourdji et al., 2008, 2012; Fang et al.,
2014; Fang & Michalak, 2015; Shiga et al., 2018a, 2018b; Z. Chen et al., 2021a, 2021b).

The CO4 fluxes from the inverse model (s), when passed through an atmospheric
model (h()), should match atmospheric COz observations (z) (e.g., Fang et al., 2014; Z. Chen
et al., 2021a):

z="h(s)+e€ (2)

Specifically, the CO5 fluxes (s) should match the atmospheric observations (z) within

a margin of error specified by the inverse modeler (€). The variance of € needs to be spec-
ified by the user before running the inverse model, and this point is discussed in greater
detail in the SI. z and € have dimensions nx1, where n are the number of observations.
In this study, we use 10-second averages of version 10r COy observations from OCO-2
(land nadir, land glint, and target observations only) (e.g. Peiro et al., 2022) and in situ
observations from the NOAA CO5 Obspack v3.2 developed for the OCO-2 model inter-
comparison project (MIP) (NOAA Global Monitoring Laboratory, 2021). In addition,

we use the GEOS-Chem forward and adjoint models (version 9-02) for the atmospheric
transport (h()). The global simulations here are driven by winds from the Modern-Era
Retrospective Analysis for Research and Applications 2 (MERRA-2) (Gelaro et al., 2017)
and have a spatial resolution of 4° latitude by 5° longitude. Furthermore, the simula-
tions in this study cover September 2014 through December 2018. Note that we initial-
ize model simulations for September 2014 using estimated atmospheric COs fields from
NOAA’s CarbonTracker CT2019 product (Jacobson et al., 2020). We discard 2014 as

a model spin-up period, following the procedure used in Z. Chen et al. (2021a) and Z. Chen
et al. (2021b).

Both the CO4 fluxes (s) and coefficients (3) are unknown and must be estimated
as part of the GIM. The coefficients are calculated by solving a linear equation (e.g., Fang
et al., 2014; Z. Chen et al., 2021a):

~

B = (MX)" e~ 'h(X)) " h(X)T T 2 (3)
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In this equation, ¥ (dimensions nxn) is a covariance matrix that describes the uncer-
tainties in the model-data system (i.e., describes the residuals z — h(X3)). This ma-

trix is defined by the modeler and is described in more detail in the SI. Furthermore, this
equation requires inputting each vegetation indicator and predictor variable into the at-
mospheric transport model in place of a COs flux estimate. In other words, we input each
vegetation indicator in GEOS-Chem as if it were a COz flux to calculate h(X). GEOS-
Chem will then translate patterns in surface-level variables like SIF into an atmospheric
tracer with patterns defined by SIF. Note that the units or absolute magnitude of the
vegetation indicators are not important in this framework (e.g., Shiga et al., 2018a, 2018b).
Rather, the coefficients (3) estimated using the GIM will scale the magnitude of each
vegetation indicator or predictor variable to create a model of CO5 fluxes that optimally
matches atmospheric COg observations (z).

Note that we run the GIM for the entire globe, but we estimate different coefficients
(B) for different biomes and for different years, the same approach used in S. M. Miller
et al. (2018), S. M. Miller and Michalak (2020b), Z. Chen et al. (2021a), and Z. Chen
et al. (2021b). These biomes are shown in Fig. S1 and are the same biomes used in the
aforementioned studies. This setup accounts for the fact that the relationships between
NBE and vegetation indicators like SIF may be different in boreal forests versus deserts
or tropical grasslands (e.g., A. Chen et al., 2021). We also analyze the results at this biome
level. The use of different coefficients in different years also means that the model is be-
ing fitted to spatial and seasonal variability within each year; spurious multi-year trends
in the predictor variables will not adversely impact the model-data fit. With that said,
we present the estimated coefficients (B) and NBE estimate averaged across the four-
year study period (2015-2018). The SI, by contrast, presents year-to-year differences in
the estimated coefficients.

The choice of biomes here is specifically informed by several previous studies of OCO-
2 observations (S. M. Miller et al., 2018; S. M. Miller & Michalak, 2020b). These stud-
ies find that recent versions of the observations can be used to constrain NBE across large
biome-based regions in most seasons. If we attempt to estimate different coefficients (3)
for smaller regions, we generally obtain unrealistic and unphysical estimates because OCO-
2 observations do not provide sufficient information to constrain the coefficients across
smaller regions. Hence, the biomes used here balance our desire to obtain detailed in-
formation about NBE with the limitations of currently-available CO5 observations.

In contrast to the coefficients (3), estimating the CO4 fluxes () is more involved.
This step requires minimizing a cost function (e.g., Kitanidis & Vomvoris, 1983; Micha-
lak et al., 2004):

L= (=~ hs) "R (=~ h(s)) + 5(s ~ XB)"Q" (s ~ XB) (®)
The first component of the cost function quantifies how well the estimated COs fluxes
, when passed through GEOS-Chem, match the atmospheric observations (z—h(s), aka
€). They should match within a margin specified by R (dimensions nxn), a covariance
matrix defined by the modeler. The second term governs the properties of ¢ or, equiv-
alently, s—X3 (Eq. 1). ¢ should have spatial and temporal properties that match the
covariance matrix Q (dimensions mxm), which is also defined by the modeler. These
covariance matrices are described in greater detail in the SI. We minimize the cost func-
tion with respect to s using an iterative solver, described in S. M. Miller et al. (2020a),
Z. Chen et al. (2021a), and Z. Chen et al. (2021b).

2.2 Remote sensing vegetation indicators and predictor variables

We incorporate several vegetation indicators as predictor variables of NBE in the
GIM. We specifically use four different SIF products based on SIF retrievals from OCO-
2 — SIFoco2.005 (Yu et al., 2019a), CSIF (Y. Zhang et al., 2018), GOSIF (X. Li & Xiao,
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2019b), and a SIF product from scientists at the Jet Propulsion Laboratory (referred to
as JPL SIF) (Madani et al., 2022). The first three products are created by interpolat-
ing SIF retrievals from OCO-2 onto a global grid using machine learning algorithms. The
last product (JPL SIF) is created by binning high-quality OCO-2 SIF retrievals into monthly,
4° latitude by 4° longitude grid boxes and taking a simple mean of all retrievals in each
grid box. Note that other satellite sensors also provide SIF retrievals (e.g., the Green-
house Gases Observing Satellite (GOSAT) and the TROPOspheric Monitoring Instru-
ment (TROPOMI)), but we specifically use SIF products from OCO-2 retreivals because
these products are available for the same time period as the modeling simulations in this
study (2015-2018) and are generated from the same satellite (OCO-2) as the CO4 ob-
servations used in this study.

Although all four SIF products are based on OCO-2 SIF observations, these prod-
ucts show several notable differences. First, the JPL SIF product is based on a much sim-
pler method than any of the machine-learning (ML) based products. Second, different
OCO-2 SIF retrievals are used in these products. GOSIF and CSIF use the 757 nm wave-
lenth, while SIFoco2.005 uses the average of 757nm and 771 nm wavelengths, and JPL
SIF uses the 740 nm wavelength. Third, although three of the four SIF products are ML-
based, they use either a Cubist regression tree-based method (GOSIF) or feed-forward
neural networks (CSIF and SIFoco2.005). However, Wen et al. (2020) find a similar pre-
diction performance of these two types of ML methods, and therefore the difference in
the ML method alone may not yield notable differences in the final SIF products. Fourth,
different sets of predictor variables are used in each of the three ML-based products. The
nadir bidirectional reflectance distribution adjusted reflectance (NBAR) from MODIS
is the only predictor in the model for CSIF (MCD43C4) and SIFoco2.005 (MCD43A4
and MCD43C4) products, and the MCD43 surface reflectance may contain some miss-
ing values in tropical forests due to clouds (Yu et al., 2019a; Y. Zhang et al., 2018). By
contrast, the GOSIF study does not include the MODIS NBAR as a predictor. Instead,
they use environmental data such as EVI from MODIS (MCD12), PAR, vapor pressure
deficit, and air temperature from MERRA-2 (X. Li & Xiao, 2019b). Lastly, these stud-
ies use different strategies to fit the ML model. Specifically, GOSIF and CSIF are fit-
ted globally, while SIFoco2_g05 is fitted separately for each individual biome.

Note that for the setup here, we aggregate the GOSIF, CSIF, and SIFoco2_ 005 prod-
ucts and other predictor variables (described below) to a 16-day time resolution before
inputting them into the GIM, ensuring a fairer comparison among different GIM sim-
ulations using different vegetation indicators (e.g., Shiga et al., 2018a; Z. Chen et al., 2021a).
Note that JPL SIF is available at a monthly time resolution; OCO-2 SIF observations
are spatially sparse, and the monthly time resolution ensures that there are enough ob-
servations in each grid box to obtain a reliable mean. Refer to SI Sect. S3 for more dis-
cussion of this point.

In addition to SIF, we also include several additional vegetation indicators as pre-
dictor variables in the inverse model — NDVI, EVI, and NIRv. NDVT is the difference
between NIR reflectance and visible red reflectance, divided by the sum of these two quan-
tities (e.g., NASA, 2000). Green vegetation reflects in the NIR but not in the visible red,
and NDVT therefore provides a measure of vegetation greenness. EVI additionally in-
cludes a correction for atmospheric effects and background noise (e.g., USGS, 2022). We
use 16-day EVI and NDVI from MODIS Terra (product MOD13C1 with best, good, and
mixed quality assurance flags; QA =0, 1 and 2, respectively). NIRv, by contrast, is the
product of vegetation indicator NIR reflectance and NDVI, and we construct NIRv us-
ing red (620670 nm) and NIR (841-876 nm) reflectance data from MODIS Terra (prod-
uct MCD43, reflectance bands 1 and 2). We further re-grid each product from the orig-
inal 0.05° by 0.05° degree resolution provided by NASA to the 4° by 5° resolution of GEOS-
Chem.
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In addition to these vegetation indicators, we include environmental driver data
(e.g., estimated meteorological variables) as predictor variables of NBE. These additional
predictor variables may help account for space-time variability in respiration, and may
describe additional patterns in GPP not described by the vegetation indicators. The use
of environmental driver data in the GIM follows numerous existing studies (Gourdji et
al., 2008, 2012; Fang et al., 2014; Fang & Michalak, 2015; Shiga et al., 2018a, 2018b; Z. Chen
et al., 2021a, 2021b). We specifically consider driver data from MERRA-2 — 2 m air tem-
perature, precipitation, PAR, surface downwelling shortwave radiation, soil temperature
at 10 cm depth, soil moisture at 10 cm depth, specific humidity, and relative humidity.
We also include a non-linear function of air temperature from Mahadevan et al. (2008).
In a recent GIM study using CO4 observations from OCO-2, Z. Chen et al. (2021a) find
that air temperature is a poor predictor variable and does little to help the inverse model
describe patterns in CO5 observations. Rather, they find that a non-linear function of
air temperature has much better explanatory power in the GIM. Refer to SI Sect. S3
for a discussion of uncertainties in these environmental driver data.

We do not assimilate all of these environmental driver data from MERRA-2 as pre-
dictor variables in the GIM; several of these variables are highly correlated or colinear
and including all of these variables would likely overfit the COy observations from OCO-
2 and in situ sites. Instead, we use model selection based on the Bayesian Information
Criterion (BIC) to determine which combination of variables in different biomes can best
complement the vegetation indicators and optimize model-data fit against CO5 obser-
vations from OCO-2. Numerous GIM studies to date employ the BIC to decide on a set
of environmental predictor variables for the GIM (e.g., Gourdji et al., 2012; Fang et al.,
2014; Fang & Michalak, 2015; S. Miller et al., 2014a; S. M. Miller et al., 2016a; Shiga
et al., 2018a, 2018b; Z. Chen et al., 2021a, 2021b). Furthermore, the approach used here
mirrors that used in Z. Chen et al. (2021a) and Z. Chen et al. (2021b) and is described
in greater detail in the Supplement.

In some GIM simulations (e.g., Sect. 3.3), we also consider respiration estimates
from an ensemble of TBMs for use as predictor variables in the GIM. We specifically in-
corporate respiration estimates from 15 flux models that are part of the Global Carbon
Projects’ Trends in Net Land Atmosphere Carbon Exchanges (TRENDY) model inter-
comparison (version 8, Friedlingstein et al., 2019; Sitch et al., 2015). Note that we use
TRENDY scenario three, which includes all forcings (e.g., climate and land use forcings).
These respiration estimates are available for the time period of this study (2014-2018)
and are reported at variable spatial resolution and monthly temporal resolution, described
in the Supplement.

All model simulations in this study further include estimates for other CO5, source
types: fossil fuel fluxes from ODIAC (Oda et al., 2018), ocean fluxes from the Circula-
tion and Climate of the Ocean consortium (ECCO-Darwin, Carroll et al., 2020), and
Global Fire Emissions Database (GFED) version 4.1 (Giglio et al., 2013). These flux es-
timates are incorporated as predictor variables in the GIM (in X, as in Z. Chen et al.,
2021a, 2021b).

2.3 Analysis using the inverse model and predictor variables

We use the inverse model or GIM to conduct two analyses. In the first analysis,
we evaluate how well we are able to reproduce patterns in atmospheric CO5 observations
using a linear model of vegetation indicators and other predictor variables. For this anal-
ysis, we use the first component of the CO5 flux estimate from the GIM (X3 in Eq. 1).
We input this component of the flux estimate into GEOS-Chem and compare the results
against COq9 observations. This linear model provides a convenient way to evaluate veg-
etation indicators like SIF and NIRv using atmospheric COy observations.
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For the second analysis, we investigate how NBE estimated by the inverse model
changes when we incorporate different vegetation indicators as predictors. For this anal-
ysis, we evaluate the full NBE estimate from different GIM simulations that use differ-
ent vegetation indicators. This analysis illustrates the potential of SIF products to in-
form inverse estimates of NBE; it highlights the additional information on NBE provided
by SIF products compared to inverse estimates of NBE using other vegetation indica-
tors (e.g., Shiga et al., 2018a). Note that estimating the linear model (X3) using Eq.

3 requires relatively little computing time while estimating NBE using Eq. 4 requires
several weeks on a supercomputer cluster. Hence, we only discuss a few representative
examples for this second set of analyses using estimated NBE.

The vegetation indicators evaluated here are often used as proxies for GPP, and
we acknowledge that GPP is not the only component of NBE. With that said, we ar-
gue that atmospheric CO5 observations and the GIM can help inform the use of these
vegetation indicators. First, in many biomes, GPP likely dominates large-scale space-
time patterns in NBE (e.g., Parazoo et al., 2013; Shiga et al., 2018a; W. Sun et al., 2021).
Specifically, GPP is a large component of NBE, and other flux processes like autotrophic
respiration likely exhibit similar seasonal patterns as GPP (albeit with opposite sign)
(e.g., Huntzinger et al., 2012). Furthermore, existing regional-scale atmospheric stud-
ies show a correlation between GPP and NBE in both tropical and extra-tropical regions
(e.g., Parazoo et al., 2013; Shiga et al., 2018a; W. Sun et al., 2021).

Second, our primary goal is not to evaluate the absolute performance of the GIM
relative to atmospheric CO5 observations. Rather, we are interested in the relative per-
formance of simulations that use vegetation indicators as one of several predictor vari-
ables of NBE. Uncertainties in GFED and the environmental driver data, among other
uncertainties, could lower overall model performance relative to the CO5 observations,
but these uncertainties are unlikely to erroneously make one vegetation indicator appear
more skilled than another.

Third, in instances where SIF products do not show favorable results in the GIM
compared to other vegetation indicators, we also examine the possible role of uncertain-
ties in respiration and biomass burning to explain the discrepancies.

3 Results and discussion
3.1 Summary of global results

A linear model of SIF products is able to describe substantial variability in COq
observations from OCO-2. Specifically, a model that consists of a linear combination of
SIF products can describe between 40-85% of all variability in the OCO-2 observations,
depending upon the biome (Fig. 1a). This result reaffirms the skill of SIF to describe
regional spatial and seasonal patterns in NBE. Existing studies using atmospheric CO4
observations indicate a strong correlation between SIF and NBE in a handful of regions
— across southern Amazonia (Parazoo et al., 2013) and across North America (Shiga et
al., 2018a), and this study suggests strong correlations across much broader global biomes.

SIF products are also more skilled at predicting variability in COg observations com-
pared to other vegetation indicators, at least in the extra-tropics (Fig. la). In these biomes,
model-data comparisons using the SIF-based linear model show higher R? values com-
pared to models based on EVI, NDVI, and NIRv (Fig. 1a). Indeed, this result comple-
ments several studies of eddy flux data that show a stronger relationship between SIF
and GPP than NDVI or EVI and GPP (e.g., Guan et al., 2016; Magney, Bowling, et al.,
2019; Shiga et al., 2018a; Yang et al., 2015; J. Zhang et al., 2022; Zuromski et al., 2018).

It also mirrors regional studies that find large-scale, seasonal decoupling between GPP
and measures of greenness like EVI and NDVI in numerous extra-tropical biomes (e.g.,
Walther et al., 2016; Jeong et al., 2017; Luus et al., 2017; Pierrat et al., 2021). In Sect.
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3.2, we discuss in detail why a linear model of SIF is a better fit against OCO-2 obser-
vations in the extra-tropics, and we explore how inverse estimates of NBE that are in-
formed by SIF differ from those informed by other vegetation indicators.

By contrast, SIF products do not show the same advantage relative to other veg-
etation indicators in the tropics (Fig. 1a). Linear models using SIF products, EVI, and
NIRv exhibit similar R? values relative to OCO-2 observations in tropical biomes. This
topic is the focus of Sect. 3.3.

We also note that all model simulations (i.e., using EVI, NDVI, SIF, and NIRv)
exhibit a lower R? value relative to OCO-2 observations in the tropics (Fig. 1a). This
lower model skill could be explained by the fact that NBE often has a larger seasonal
cycle in the extra-tropics than in the tropics, and seasonal patterns in CO5 observations
are therefore likely easier to fit in the former biomes than in the latter. In addition, the
atmospheric transport model (GEOS-Chem coupled with winds from MERRA-2) may

be subject to larger errors in the tropics than in the extra-tropics; OCO-2 has a sun-synchronous

orbit and passes over every location at approximately 1pm local time. At this time of
day, there is often heterogeneous convection in biomes like tropical forests, and these fea-
tures may be challenging to model using a global chemical transport model like GEOS-
Chem (e.g., Jiang et al., 2013). Relatedly, biomass burning events can also create con-
vection that is difficult to capture in atmospheric transport models (e.g., S. M. Miller

et al., 2008), particularly in the tropics where biomass burning emissions are highly vari-
able (e.g., Giglio et al., 2013). These factors may help explain why the overall model skill
is lower in the tropics than in the extra-tropics. However, it does not explain why the
model simulations using SIF products do not outperform the other vegetation indica-
tors like EVI or NDVI in tropical biomes, as is the case in extra-tropical biomes.

We further find that linear model simulations using different SIF products yield
different model-data fit against COq observations (Fig. la). Globally, we find that a lin-
ear model using either GOSIF or JPL SIF yields a slightly higher R? in Fig. 1 relative
to other SIF products. This result is perhaps surprising because JPL SIF is a much sim-
pler product than the other SIF products (see Sect. 2.2). With that said, JPL SIF only
relies on OCO-2 SIF data, while SIF products that yield lower R? values rely on MODIS
reflectance to interpolate the OCO-2 SIF data. The use of MODIS data makes it pos-
sible to produce SIF estimates at a much finer spatial and temporal grid than available
from JPL SIF (see Table S2), but these products may partly mirror patterns in that MODIS
data instead of SIF. We focus on GOSIF in subsequent analyses — because it is one of
two SIF products that yield the highest R? values.

In a subsequent analysis, we add additional predictor variables to the linear model
— environmental data, including precipitation and a function of air temperature (Fig. 1b;
see also Sect. 2.2 and Table S4). Vegetation indicators like SIF and EVI are often used
as predictors of GPP. However, atmospheric CO5 observations, like those used in the model-
data comparisons here, are influenced by many different types of COs fluxes, including
GPP and respiration. The inclusions of environmental data may help the model better
describe variability in CO4 observations caused by respiration and may help describe ad-
ditional variability in GPP that is not described by the vegetation indicators.

We find that the inclusion of additional predictor variables does little to improve
the model-data fit (R2, Fig. 1b). The result may appear surprising, yet it parallels ex-
isting studies of in situ atmospheric CO5 observations focused on North America (Shiga
et al., 2018a; W. Sun et al., 2021). Shiga et al. (2018a) construct a similar linear model
of SIF and other vegetation indicators. They find that the inclusion of additional pre-
dictor variables yields a better model-data fit in croplands but does little to change model-
data fit in other North American biomes. W. Sun et al. (2021) also find that a SIF-based
model is as adept at describing variability in atmospheric CO5 observations as NBE es-
timates from many of the TRENDY models and from FLUXCOM. In addition, GPP es-
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timates from TRANSCOM, TRENDY, and MsTMIP are often able to match patterns
in atmospheric CO4 observations as well as NBE estimates from these products.

Several factors may help explain why the inclusion of additional predictor variables
does little to improve model-data fit. First, Shiga et al. (2018a) note that GPP and NBE
are highly correlated in many regions, and this fact may explain why predictors of GPP
like SIF are able to explain a large percentage of variability in atmospheric CO2 obser-
vations. Second, this result may also reflect the limits of using OCO-2 observations to
constrain NBE. CO5 observations from OCO-2 are spatially sparse and represent columns
averages, and these observations are not as sensitive as many eddy flux or ground-based
observations to fine-scale variability in NBE or the individual components of NBE. Hence,
this result speaks to the positive ability of SIF to help predict global-scale patterns in
NBE, but this result likely also speaks to the limitations of using OCO-2 observations
to constrain detailed space-time patterns in NBE.

In the above analyses, we fit the linear model of predictor variables to CO4 obser-
vations from OCO-2. We also conduct a parallel analysis using COs observations from
in situ monitoring sites and find similar results (Fig. 2). This similarity indicates that
the results are robust to the specific type of the COy observations used in the analysis,
and that the results in Fig. 1 are unlikely to be aliased or unduly contaminated by ob-
servational errors. Note that much of the analysis in the remainder of the manuscript
focuses on results using CO5 observations from OCO-2 because it provides better data
coverage (Fig. S2) across the tropics relative to the in situ observing network (Fig. S3).

We also explore year-to-year differences in model-data fit relative to atmospheric
COy observations. The first half of the study period (2015-2016) corresponds to a large
El Nifio event, whereas the second half of the study period (2017-2018) does not. We find
that model-data fit is similar in El Nifio versus non El Nifio years — within an R? of 0.05
for all of the simulations using different vegetation indicators. In other words, no veg-
etation indicator shows a discernible advantage in describing CO4y observations during
El Nino conditions.

We further find that the linear model using SIF products is a better model-data
fit against OCO-2 observations in the extra-tropics than NBE estimates from the TBMs
in TRENDY, which do not incorporate SIF (Fig. 3). We specifically compare the cor-
relation (R?) with OCO-2 observations when we use NBE estimates from 15 different
TRENDY models in place of the SIF-based linear model. Note that the vegetation in-

dicators used here have a 16-day temporal resolution while the NBE estimates from TRENDY

are available at a monthly resolution, though this fact is unlikely to place the TBMs a
noticeable disadvantage (refer to the sensitivity study in SI Sect. S3). Furthermore, the
TRENDY models have not been calibrated to CO5 observations from OCO-2. These facts
not withstanding, the results suggest that SIF could be beneficial for improving TBM
flux estimates, at least in the extra-tropics, while the SIF products discussed here are
unlikely to yield a similar benefit in the tropics.

Note that the inverse modeling analysis described in this section involves several
uncertainties that may impact our ability to model variability in atmospheric CO4 ob-
servations. These include uncertain biomass burning and anthropogenic COs emissions,
NBE variability due to land use change, possible atmospheric transport errors, and is-
sues related to the atmospheric COq observations (e.g., observational errors or variabil-
ity in data coverage). Indeed, these challenges are common to inverse modeling studies
using atmospheric COs observations. We specifically incorporate biomass burning emis-
sions from GFED and anthropogenic emissions from ODIAC as predictor variables in
the inverse model, and these sources are accounted for in all modeling simulations con-
ducted in this study (Sect. 2.2). However, errors in either emissions estimate could lower
the overall model-data fit relative to atmospheric CO5y observations. With that said, we
are primarily interested in the relative model-data fit, not absolute model-data fit, of model
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simulations informed by SIF relative to those informed by other vegetation products. In
addition, variability in NBE due to land use change may also be a source of uncertainty.
Land use changes that alter GPP should also impact SIF (e.g., del Rosario Uribe & Dukes,
2021; Ding et al., 2021) and should therefore be accounted for in model simulations. With
that said, existing studies show that CO5 observations from OCO-2 can only be used to
constrain very broad, seasonal, biome-level variability in NBE (e.g., S. M. Miller et al.,
2018; S. M. Miller & Michalak, 2020b). Land use changes that unfold over decades will
undoubtedly change biome-level patterns in NBE but may not be detectable across the
relatively short, four-year duration of this study. Lastly, atmospheric transport errors

and issues related to the COs observations undoubtedly lead to uncertainties in the in-
verse model. These issues are common to inverse modeling studies and reiterate the im-
portance of setting accurate uncertainties (i.e., covariance matrix parameters) within the
inverse model. We discuss the covariance matrix parameters in Sect. S1.

3.2 The extra-tropics

In this section, we estimate NBE using SIF products and other vegetation indica-
tors as predictor variables in the inverse model. We then evaluate how the resulting NBE
estimates differ among these different inverse modeling simulations.

We find that incorporating SIF as a predictor variable in the inverse model leads
to a different seasonal variability in NBE across the extra-tropics relative to an inverse
model that incorporates EVI (Fig. 4). Specifically, NBE estimated using GOSIF show
less CO9 uptake in the fall than NBE estimated using EVI. Furthermore, we see this re-
sult in all extra-tropical biomes.

This result, using a global-scale inverse model, parallels studies that compare veg-
etation indicators against satellite-based GPP products and eddy flux observations. Sev-
eral satellite-based studies report that the seasonality of greenness is decoupled from the
seasonality of GPP in multiple extra-tropical biomes, including both evergreen and de-
ciduous forests (e.g., Walther et al., 2016; Jeong et al., 2017; Luus et al., 2017; Y. Zhang
et al., 2020). For example, Jeong et al. (2017) compare the seasonal cycle of SIF, NDVI,
and satellite-based estimates of GPP for extratropical forests between 40° — 55°N lat-
itude globally. They find that the growing season determined by NDVI is 46+11 days
longer than estimated using SIF. Studies that leverage eddy flux observations reach sim-
ilar conclusions (e.g., Churkina et al., 2005; Gonsamo et al., 2012).

This seasonal discrepancy is likely because leaves reduce their photosynthetic out-
put during late summer and early autumn. However, their optical properties do not change
as quickly, and are unlikely to be detected by greenness indicators like EVI or NDVT (e.g.,
Jeong et al., 2017). This change is probably caused by a seasonal reduction in incom-
ing solar radiation (e.g., Bauerle et al., 2012). Jeong et al. (2017) specifically find that
seasonal changes and SIF and GPP products during fall correlate with changes in incom-
ing shortwave radiation, whereas seasonal changes in greenness indicators like NDVT cor-
relate with changes in temperature (e.g., F. Wang et al., 2020). Furthermore, Jeong et
al. (2017) find that temperature and NDVI changes in fall are not linked to GPP and
more likely reflect the timing of chlorophyll reduction and leaf drop (Jeong & Medvigy,
2014). Hence, greenness indicators are less effective than SIF at predicting end-of-season
changes in GPP. In addition, this decrease in photosynthetic activity could reflect drought
stress as soil moisture is depleted through the summer (e.g., P. A. Schwarz et al., 2004).
These seasonal changes may not be reflected in greenness indicators (e.g., Goerner et al.,
2009). Also, data contamination cannot be ruled out; leaf litter and plant material that
has not yet fallen from the plant can increase greenness indicators in the fall, yielding
erroneous estimates for the end of growing season (e.g., Gonsamo et al., 2012; Walther
et al., 2016).
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Despite the differences between SIF and other vegetation indicators, Dechant et
al. (2022) propose multiplying greenness indicators by PAR, and they argue that the re-
sult may serve as an effective structural proxy for SIF and for photosynthesis. The au-
thors of that study focus on the product of NIRv and PAR (NIRvP) but show that other
greenness indicators, when multiplied by PAR, also correlate with STF at multiple scales
— when compared to both tower and satellite observations. The product of greenness in-
dicators and PAR may help overcome the seasonal decoupling between greenness and
SIF, as discussed in the previous paragraph. Furthermore, the development of a SIF proxy
could hold practical applications. Such a proxy could be used in place of SIF in time pe-
riods or locations when SIF is not available. For example, satellites like OCO-2 provide
spatially sparse SIF observations, and existing studies assimilate SIF with other vege-
tation indicators in a machine learning algorithm to create interpolated SIF maps. Other
products, like those proposed by Dechant et al. (2022), may serve as a better proxy.

Dechant et al. (2022) also provide a theoretical underpinning for the multiplica-
tion of greenness indicators and PAR. They start with equations for GPP and SIF:

GPP = APAR x LUE (5)
SIF = APAR X fese X ®p (6)

where LUF is light use efficiency, fesc is the canopy escape fraction, and ® g is the flu-
orescence emission yield. Dechant et al. (2020) argue that fes. is correlated with LUE

at seasonal time scales, at least at the agricultural sites examined, and that f.s. there-
fore plays a key role in the seasonal relationship between SIF and GPP. By contrast, they
argue that ®p shows poor correlation with LUE. f.s. can be approximated by a green-
ness or vegetation indicator (VI) and fPAR (Zeng et al., 2019):

where fPAR is the fraction of absorbed PAR. Given that APAR = PARX fPAR the
following relationship should hold:

APAR X fose ~ VI x PAR (8)

Following this logic a greenness indicator like NIRv, EVI, and/or NDIV, when multiplied
by PAR, may be a reasonable structural proxy for SIF.

Indeed, we find that a linear model of NIRv x PAR (NIRvP), EVIP, and NDVIP
are just as skilled at matching variability in COy observations compared to a linear model
using GOSIF (Figs. 5a-b and S6). In addition, NBE estimated using EVIP exhibits a
similar seasonality in the fall relative to results using GOSIF (Fig. 5¢). For the large biome-
based regions examined here, the product of greenness indicators and PAR may, in fact,
be an effective structural proxy for SIF and overcome the seasonal decoupling described
earlier in this section. By contrast to the extra-tropics, we find that multiplying vege-
tation indicators by PAR does relatively little to improve model data fit against OCO-

2 observations in the tropics (Figs. 5a-b and S6). Furthermore, these predictors actu-

ally worsens model-data fit relative to OCO-2 observations in tropical grasslands (Figs.
5a-b and S6). High levels of PAR can indicate decreased photosynthesis associated with
seasonal drought and low levels of PAR can indicate increased photosynthesis associated
with seasonal rainfall, a possible reason why PAR worsens model-data fit in tropical grass-
lands (e.g., Ma et al., 2014). The next section describes inverse modeling results for trop-
ical biomes in depth.

3.3 The tropics

We find that the seasonal cycle of SIF products in tropical biomes is shifted com-
pared to that of NBE estimated by the inverse model. Furthermore, we are unable to
reconcile these different seasonal cycles using existing estimates of respiration and biomass
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burning. This seasonal mismatch may help explain why a linear model of SIF products
is not able to explain any more variability in OCO-2 observations relative to other veg-
etation indicators, a result discussed previously in Sect. 3.1.

This mismatch is apparent in Fig. 6, which compares the seasonal cycle of GOSIF
against two NBE estimates in different tropical biomes. In the Southern Hemisphere and
in Northern Hemisphere tropical forests, GOSIF indicates an onset of seasonal CO5 up-
take before the two NBE estimates. By contrast, GOSIF predicts peak CO5 uptake in
roughly the same months as the two NBE estimates. Note that the seasonal cycle of each
estimate in these panels has been normalized to have a mean of zero and a standard de-
viation of one in order to make GOSIF directly comparable with the NBE estimates. The
blue line in Fig. 6 displays NBE estimated by the inverse model. This inverse model in-
corporates GOSIF as a predictor variable, yet the the seasonal cycle of NBE looks very
different from that of GOSIF. In addition, the red line shows the NBE estimate from OR-
CHIDEE; of all TBMs in TRENDY, ORCHIDEE exhibits the best model-data fit (R?)
compared to OCO-2 observations in the tropics (see Fig. S9). It is possible, although
unlikely, that COs observations from OCO-2 do not provide a unique constraint on the
seasonal cycle of NBE in tropical biomes. However, the consistency between the seasonal
cycle of the inverse model and of ORCHIDEE suggest otherwise.

We further analyze the seasonal cycle of SIF data from the TROPOMI instrument
to see whether the seasonal cycle of SIF from this instrument is in any better agreement
with NBE estimates (Fig. 6). Note that the TROPOMI-SIF data do not cover the full
range of our study time period (Jan. 2015 to Dec. 2018), and we use a multi-year monthly
average (May 2018 to Dec. 2021) in this analysis for each tropical biome. We find that
the GOSIF and TROPOMI-SIF have similar seasonal cycles in tropical grasslands and
forests, which indicates that possible biases in the seasonal cycle of OCO-2 SIF prod-
ucts are unlikely to be the cause of the seasonal discrepancies in Fig. 6.

We also find that seasonal patterns in respiration and biomass burning cannot rec-
oncile the seasonal differences between SIF products and NBE. We include GOSIF and
environmental driver variables in the inverse model to help predict NBE (as in Shiga et
al., 2018a, ; Table S4). It is possible that this combination of predictors is skilled at cap-
turing space-time patterns in NBE due to GPP but not due to respiration. To explore
this possibility, we re-run the linear model 15 times and each time use a different res-
piration estimate from TRENDY in place of using environmental driver variables (Fig.
S10a). We find that these respiration estimates do little to improve the model-data fit
for the SIF-based linear model; the ORCHIDEE model reproduces variability in OCO-
2 observations better than any of the linear models using GOSIF and TRENDY respi-
ration estimates (i.e., has a higher R?), at least in tropical biomes (Fig. S10b).

Similarly, biomass burning cannot reconcile the differing seasonal cycles between
SIF products and the NBE estimates. Fig. 6 displays the seasonal cycle of biomass burn-
ing emissions from GFED. In this figure, we normalize GFED such that the seasonal cy-
cle is easier to compare against GOSIF and the NBE estimates. In most biomes, the peak
in biomass burning has similar timing to the minimum COy uptake predicted by GOSIF.
However, this peak is earlier in most tropical biomes than the peak in NBE (i.e., max-
imum seasonal COs release). Note that all modeling simulations in this study include
GFED as a predictor variable.

It is unclear why SIF products are not more skilled predictors of NBE in the trop-
ics relative to other vegetation indicators; there are several possible reasons. First, TBMs
disagree on the seasonality of respiration in the tropics, and it is possible that none of
the TBMs used here provides a skilled respiration estimate. Indeed, the seasonal mis-
match between SIF products and NBE in Fig. 6 is most pronounced around the peak
in NBE (i.e., maximum COs release), indicating that deficiencies in the respiration es-
timates may be at play.
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666 Second, the SIF products used in this study may not be an accurate representa-
667 tion of SIF. SIF retrievals from OCO-2 must be interpolated to fill data gaps and cre-

668 ate a continuous, gridded SIF map, and uncertainties in the gap-filling process can im-
669 pact the accuracy of the resulting SIF products, particularly in the tropics. For exam-
670 ple, Yu et al. (2019b) point out that SIF retrievals for some tropical regions (e.g., grass-
671 lands and shrublands) exhibit a lower signal-to-noise ratio due to lower overall SIF val-
672 ues in those biomes, and they explain that those biomes could experience rapid changes

673 in photosynthesis that may not be captured by OCO-2 with a 16-day revisit time. Sub-
674 stantial differences among the OCO-2 based SIF products further highlights the uncer-

675 tainty associated with interpolation and gap-filling. In addition, SIF observations from
676 OCO-2 are sensitive to atmospheric cloud/aerosol contamination or sun—sensor geom-
677 etry which can confound the real seasonality photosynthesis, particularly in tropical forests

678 (e.g., X. Li, Xiao, He, Arain, et al., 2018; Yu et al., 2019Db).

679 Third, canopy-level and/or remotely sensed SIF may not be a skilled proxy for GPP.
680 This explanation, however, seems less likely given that several site-level studies find good
681 correlation between SIF and GPP in a variety of tropical biomes (e.g., C. Wang et al.,

682 2019; Mengistu et al., 2021). Satellite measurements may not detect all photosynthetic

683 activity in tropical forests, including in the understory, mid-canopy, and the dense canopy.
684 Differences in photosynthesis among these different levels can be key to estimating GPP
685 and NBE of the entire forest; the canopy and understory can have very different seasonal
686 dynamics in tropical forests, dynamics that may not be captured by satellite-based SIF.
687 For example Tang and Dubayah (2017) find that leaf area index in the canopy and un-

688 derstory are anti-correlated in tropical forests, and that dry season leaf loss from the canopy
689 is associated with opportunistic leaf growth in the understory.

60 4 Conclusion

691 Remote sensing products like SIF and NIRv have shown enormous promise as pre-
692 dictors of the global carbon cycle. Indeed, we find that existing SIF products are skilled
693 at predicting variability in atmospheric COs observations, and thus in predicting vari-

694 ability in NBE, across the extra-tropics, particularly when compared to other vegeta-

695 tion indicators and to state-of-the-art TBMs that do not assimilate SIF. Specifically, in-
696 verse estimates of NBE that assimilate SIF products exhibit a different seasonal cycle,

697 particularly during the fall months when COs uptake by plants may decline more quickly
698 than changes in vegetation greenness. However, we find that other vegetation indicators
699 like NIRv, EVI, and NDVI are just as skilled at predicting patterns in COs observations
700 across large global biomes when we multiply these indicators by PAR, suggesting that

701 NIRvP, EVIP, and NDVIP may, indeed, be reasonable structural proxies for SIF at global
702 scales. By contrast, existing SIF products do not show the same advantage relative to

703 other vegetation indicators in the tropics. Notably, the seasonal cycle of SIF products

704 does not match inverse estimates of NBE nor does it match the seasonal cycle of TBMs
705 that are skilled at predicting patterns in COs observations from OCO-2. We are not able
706 to reconcile this discrepancy using respiration estimates from the 15 TBMs analyzed in

707 this study or using a biomass burning emissions estimate.

708 Overall, the results suggest that interpolated SIF products can be a powerful tool

700 to improve bottom-up NBE estimates across the global extra-tropics. Specifically, the

710 direct use of SIF within diagonistic TBMs (i.e., those that use forcing data or vegeta-

m tion characteristics from an external source) could improve the characterization of sea-

2 sonal variability in GPP and NBE across the extra-tropics, while SIF could serve as an

713 effective tool for evaluating or tuning seasonal variability of GPP in prognostic TBMs

714 (i.e., those that calculate forcing data and vegetation characteristics internally). Indeed,

715 several prognostic TBMs can be used to predict SIF, but these TBMs show wide disagree-
716 ment on both SIF and GPP, at least at the site level Parazoo et al. (2020). However, this
n7 study suggests that there is more work to be done to understand the relationships be-
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tween SIF, GPP, and NBE in the tropics. We argue that there is a need for more atmo-
spheric CO, observations in the tropics that can be used to evaluate relationships be-
tween SIF, GPP, and NBE at intermediate regional scales. These include observations
from aircraft or tall towers, as in Alden et al. (2016), and/or geostationary satellites like
the Geostationary Carbon Cycle Observatory (GeoCarb). Such observations could help
bridge the gap between site-level evaluation (e.g., Irteza et al., 2021; C. Wang et al., 2019;
Doughty et al., 2019) and global-scale efforts like the present study.

5 Open Research

The atmospheric CO5 observations from OCO-2 (b10, 10-second averages) and from
the NOAA Obspack are publicly available from Baker (2021) and NOAA Global Mon-
itoring Laboratory (2021), respectively. The SIF products are available from Yu et al.
(2019a), Y. Zhang et al. (2018), and X. Li and Xiao (2019b); EVI and NDVTI are avail-
able from NASA MODIS at (Didan, 2022), and the inputs required to calculate NIRv
are also available from NASA MODIS (NASA, 2022). Furthermore, the meteorological
variables used in this study, including PAR, are available from NASA at NASA Global
Modeling and Assimilation Office (2019).

In addition, the inverse modeling simulations in this study use the code published
in S. M. Miller and Saibaba (2019).
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(a) No environmental driver data included
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Figure 1. Results from the linear model using vegetation indicators as predictor variables (a)
and using vegetation indicators plus environmental driver variables (b). This figure specifically
shows the linear model fit (R?) when compared against CO2 observations from OCO-2. Overall,
we find that SIF products yield a better model-data, fit (R?) compared to other vegetation indica-
tors across the extra-tropics, but SIF products do not exhibit the same advantage in the tropics.
We also find that the inclusion of additional predictor variables to help better describe variability
in NBE (panel b) does not substantially improve or otherwise change the model-data fit. Note
that we combine boreal and tundra biomes for OCO-2 simulations, due to the paucity of OCO-2

observations over the tundra.
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Including environmental driver data

0.8 |- B
A4 v
A A
0.6 - b
A\ v
v
A
2 A\
o
A
o
04 A -
VA
GOSIF YVa
0.2 A NDVI n
v EVI
NIRv
0+ .
1 Il 1 Il 1 Il 1
Tundra Boreal Temperate Temperate Tropical Tropical Drylands Globe

forest grasslands  forests grasslands  forests

Figure 2. Results from the linear model using in situ CO2 observations instead of CO2 ob-
servations from OCO-2. The linear model results using in situ CO2 observations broadly parallel
results using OCO-2 observations. Notably, a linear model using GOSIF yields a better fit to in

situ CO2 observations than other vegetation indicators, at least in the extra-tropics.
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Figure 3. A comparison between the SIF-based linear model and NBE estimates from 15
bottom-up models in TRENDY. This figure displays the model-data fit (R?) of the linear model
and TRENDY models against CO2 observations from OCO-2. In several biomes (temperate
grasslands, temperate forests, and drylands), the SIF-based results are a better fit than the
TRENDY models, which do not assimilate SIF. By contrast, in other biomes (e.g., tropical
biomes), several TRENDY models are a better fit than the SIF-based linear model. Note that
the red box indicates the mean R? value of the 15 TRENDY models and the vertical bar is the

range of R? values from the 15 models.
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(a) NH temperate grasslands

(b) NH temperate forests
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Figure 4. Estimated NBE from inverse modeling simulations that use GOSIF (yellow) and
EVI (green) as predictor variables. Panels a-d compare the seasonal cycle. Inverse modeling sim-
ulations that incorporate GOSIF yield an different seasonal cycle in the extra-tropics relative to
simulations using EVI (panels a and b). Specifically, CO2 uptake during northern hemisphere fall
declines more quickly in the SIF simulations. By contrast, results for tropical biomes (panels ¢
and d) show little difference between the two inverse modeling simulations. In addition, panel e
compares spatial patterns in estimated NBE during October (i.e., GOSIF simulations minus EVI
simulations), a month when the estimates yield different seasonal patterns across the northern
extra-tropics. Green colors indicate greater CO2 uptake (or less CO2 release to the atmosphere)
in simulations using EVI compared to those using GOSIF. Overall, panel e indicates broad differ-

ences between the NBE estimates across the northern extra-tropics.
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(a) Regression results using CO, observations from OCO-2
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Figure 5. The fit (R?) against OCO-2 observations using a linear model of GOSIF, EVI, and
EVI x PAR as predictor variables. Panel (c¢) displays NBE estimated by the inverse model when
using GOSIF, EVI and EVIP as predictor variables. Note that panels (a) and (c¢) assimilate CO2
observations from OCO-2 while panel (b) shows the results of analysis using CO2 observations
from in situ CO2 monitoring sites. Across all simulations, we find that EVI, when multiplied by
PAR, is as skillful a predictor of NBE in the extra-tropics as SIF. Furthermore, NBE estimated
in the inverse model using EVI x PAR as a predictor variable exhibits a similar seasonal cycle as
NBE estimated using GOSIF as a predictor.
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Figure 6. The seasonal cycle of NBE from the inverse model (blue), the ORCHIDEE model
(red), GOSIF (yellow), TROPOMI-SIF (green), and GFED (charcoal) in different tropical
biomes. Each product has been normalized to have a mean of zero and standard deviation of

one for easier comparison. SIF in the tropics is out of phase with the seasonal cycle of the inverse
modeling estimate and with ORCHIDEE, a bottom-up model that is more skillful at predicting
CO2 observations from OCO-2 relative to other TRENDY models.
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