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Abstract.

Sun-induced chlorophyll fluorescence (SIF) retrieved from satellites has shown potential as a remote sensing proxy for
gross primary productivity (GPP). However, to fully exploit the potential of this signal, the robustness and stability of the
SIF-GPP relationship across vegetation types and climates must be assessed. For this purpose, current studies have been lim-
ited by the availability of SIF datasets with sufficient spatial resolution to disentangle the signal between different vegetation
cover types. To overcome this limitation eur-the analysis uses GOME-2 (Global Ozone Monitoring Experiment 2) SIF re-
trievals, downscaled to a resolution of 0.05° (~ 5km) to explore the relationship between SIF and FLUXCOM GPP (GPPrx), a
data-driven dataset of primary productivity obtained by upscaling flux-tower measurements. The high resolution of the down-
scaled SIF (SIFpg) dataset allows the relationships to be broken down by vegetation cover for separate climate zones, thus
enabling a confrontation between GPP and SIF at fine granularity;

based-on-the-SHps-GPPrx-—response—. This analysis first investigates the spatial and temporal relationships between FLUX-
COM GPP and downscaled SIF at a global scale. Bi e e etwe

PP—A reasonably strong linear relationship is generally
observed between SIFps and GPPgx in all vegetation categories, and an analysis of covariance (ANCOVA) shows that the
spatial response is similar between certain plant traits, with some distinction between herbaceous and woody vegetation, and

notable exceptions, such as equatorial broadleaf forests

- Geographical

regions of non-linearity suggest where SIFpg could potentially provide information about ecosystem dynamics that are not rep-

resented in the FLUXCOM GPP dataset. With the demonstration of downscaled SIF as a proxy for GPP, the response of SIFpg
to short-term fluctuations in several meteorological variables is analysed ‘&nd—theu&hey—ef—S{FDg—a%—aﬂﬂea%feﬂﬁeﬂwmﬂﬁm%a}

at-and the most significant short-term envi-

ronmental driving and limiting meteorological variables are-determinedand-vegetation-determined. Vegetation groupings of
similar SIF-meteo response reinforce the vegetation categorisations suggested by the SHE-GPP-ANCOVA-ANCOVA analysis.




This comparative exploration of two of the most recent products in carbon productivity estimation shows the value in down-
scaling SIF data, provides an independent probe of the FLUXCOM GPP model, enhances our understanding of the global
SIF-GPP spatio-temporal relationship with a particular focus on the role of vegetation cover, and demonstrates-the-utility-of

SHas-a-measure-of environmental stress—explores the similarity of the SIF and GPP responses to meteorological fluctuations.

30 Additional analyses with alternative SIF and GPP datasets support these conclusions.
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1 Introduction

Accurately quantifying the gross primary productivity (GPP) of vegetation systems across the globe is vital for modelling the
future trajectories of atmospheric carbon fluxes and making projections regarding the Earth’s climate. Indeed one of the largest
sources of uncertainty in the carbon cycle is represented by the interaction between atmospheric carbon dioxide, climate
and terrestrial ecosystem dynamics (Friedlingstein et al., 2019; Anav et al., 2015). Photosynthesis drives this interaction,
with vegetation removing carbon from the atmosphere and investing it in growth, cell maintenance and respiration. In turn,
photosynthesis is regulated by environmental conditions, and, as climates change, both the mean weather and its variability
will change, impacting the productivity of vegetation systems (Seneviratne et al., 2012).

It is not possible to directly measure GPP at a global level, however many techniques have been developed to derive pro-
ductivity at different scales using a range of data-driven or model-based approaches.Light use efficiency (LUE) models, for
example, estimate GPP as a function of the absorbed photosynthetically active radiation (APAR), the efficiency of utilising

light in photosynthesis e yg and the effect of climatic constraints, such as temperature (T) and precipitation (P):

LGP = cug X APAR x /(1) x /(P) M

Ryu et al., 2019; Running et al., 2004; Zhang et al., 2017; 2013; Pei et al., 2022).

A relevant assessment based on a process-oriented ensemble, known as TRENDY, provides a model-based estimation of

Lee et al.,

2

global GPP ranging between 83 — 172 PgC yr—1, with the wide range of values highly dependent on the model assumptions.
Eddy covariance sites, or flux towers, provide the most accurate ways of measuring carbon fluxes at ecosystem scale, through
the systematic observation of the net ecosystem exchange of €O02CO,. These measurements have been standardised and made
available thanks to the FLUXNET initiative that is linking different continental networks of eddy covariance towers (Baldocchi
et al., 2001). The FLUXCOM project has upscaled FLUXNET data to a global estimate of GPP using machine learning
methods to integrate site-level observations, satellite remote sensing information, and meteorological data (Tramontana et al.,
2016). Whilst FLUXCOM is a large step forward in estimating GPP at a global level, it is not without its limitations and
uncertainties. In fact, the various FLUXCOM GPP estimates use an ensemble of different machine learning methods and data
inputs, which result in a broad spread of mean global GPP estimates among the ensemble members between 108 — 130 PgC
yr—1. A comparative study between FLUXCOM and TRENDY finds that for 70% of the globe at least the 9 out of 16 TRENDY
models fall outside the FLUXCOM range (Jung et al., 2020).

In recent years, sun-induced chlorophyll-a fluorescence (SIF), retrieved from space-based instruments, has grown in use as a

remotely sensed proxy for GPP, in addition to more traditional remote proxies such as spectral vegetation indices (Rya-et-al;2019; Perear-C

Frankenberg et al., 2011a; Joiner et al., 2011; Porcar-Castell et al., 2014). This fluorescent light - resulting from the re-emission

by leaves of incident photons at lower energy - is considered to be the mechanism developed by plants to respond near-

instantaneously to rapid perturbations in the environmental conditions of light -temperatureand-water-avatlabitity (Frankenberg-and Berry; -

and temperature, with the SIF yield also dependent on biophysical conditions such as the concentration of the CO»-fixin
enzyme Rubisco and drought stress (Frankenberg and Berry, 2017; Ryu et al., 2019). The SIF flux can similarly be expressed
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in terms of the absorbed incident radiation and the ef ciency with which this radiation is converted into uorescent radiation,
F. SHF=—X—scxAPAR-

SIF = EX escX APAR 2

F esc

GPP= —"E xSIF (3)
FX esc

we see that under conditions in which the various conversion ef ciencies remain constant, there is a linear relationship between
SIF and GPP. Whilst at small spatio-temporal timescales, where leaf chemistry is particularly sensitive to changes in absorbed
photosynthetically active radiation and the fraction of uoresced photons escaping from the canopy, there is evidence for

the divergence of SIF and GPP from linearity, it appears that the broader canopy-scale relationship smooths over these non

time, and across spatio-temporal scales (Zhang et al., 2016; Sun et al., 2018; Magney et al., 2020). However, this SIF-GPP
relationship may exhibit some dependency on the vegetation type, for example through the canopy structure that is affecting
eso @S Well as the leaf photochemical properties and external conditions, for example climate drivers. Due to the relatively fast
response of SIF and close link to leaf photochemistry, compared to other remote indicators of greenness, such as NDVI, SIF
has the potential to be an indicator of environmental stress for the plant photosystem (Walther et al., 2019; Jiao et al., 2019).
There is currently no orbiting satellite designed explicitly to directly measure SIF from space. The rst that will do so is the

been retrieved from other instruments designed for measuring the atmosphere greenhouse gas concentration, namely GOSA
SCIAMACHY, the Global Ozone Monitoring Experiment-2 (GOME-2), the Orbiting Carbon Observatory 2 (OCO-2) and the

TROPO-spheric Monitoring Instrument (TROPOMGuU 12,2013; Sun et al., 2018; Kohler et al.,
. However, several issues hamper the use of these data for the quanti cation of terrestrial GPP. First, some instruments (GOSAT,

0OCO0-2) are sampling the surface, leaving wide gaps between different satellite overpasses. Second, the time series of observe

tions is shorter than desired for carbon science, especially for the more recent instruments (e.g. OCO-2 and TROPOMI). Third,

most have a spatial resolution that is too coarse to isolate homogeneous vegetation patches of distinct land cover types.
Efforts have been made to improve the resolution and coverage of SIF datasets by combining SIF data with other high resolu-

tion remote sensing dat&

. These approaches generally rely on statistical inference, through machine learning metfagsitdownscaling method-

ology, based on a light use ef ciency model, combines the GOME-2 data with several explanatory biophysical variables in a
process oriented scheme. The resulting dataset has a spatial resoll@i6b ofckm) and is therefore at a scale relevant to
studies of land cover at global scale (Duveiller et al., 2020; Duveiller and Cescatti, 2016). This model ensures that the down-
scaling method is groundesh-a-biephysiealin theory whilst also preserving the GOME-2 signal. Downscaling the SIF in

4
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this way results in a high resolution dataset with a reasonably long archive, improving accuracy in the exploration of the SIF
relationship with vegetation cover.

If downscaled sun-induced uorescence is to be used as a proxy for ecosystem prodectisiymeasuraf-environmental
stressijt is important to understand the spatial and temporal relationships between SIF and the current state-of-the-art GPP
datasets at a global scale, and in particular understand how they deviate for differing vegetation covers and climate zones. To thi:
end, this paper serves several purposes. Firstly, the analysis provides a thorough test of the utility of the downscaling method tc
reproduce known SIF-GPP patterns, in particular through the spatio-temporal correlation between downscaled SIF and FLUX-
COM GPP. Exploring variations in the FLUXCOM GPP with an independent SIF dataset, often likewise regarded as a proxy
to GPP, helps to probe its strengths and limitations through areas of coherence and div&meitendy, comparisongvith

resolution investigation into the SIF-GPP relationship, the analysis allows us to learn more about the differing spatial linear

relationship between SIF and GPP and their variation in nature with a particular focus on similarities and differences between
vegetation covers. This allows the determination of which vegetation covers have a similar SIF-GPP response, and for which

vegetation covers care should be taken in the use of SIF as a proxy for GPP. Finally, having established the spatio-tempora

SIF asa-glebalmeasuref-environmentabtressto uctuations in several meteorological factors, in the process determining

the most signi cant driving and limiting meteorological factors in monthly SIF uctuations. By utilising the high resolution of
the downscaled SIF, it is possible to understand with improved con dence the extent to which vegetation cover plays a role in

these relationships using dedicated techniques (e.g. Alvaro Moreno-Martinez et al., 2018).

2 Data
2.1 \Vegetation cover data

The data relating to the vegetation cover of each pixel is derived from the Copernicus Climate Change Service (C3S) via
the climate data store platform, with the data created by the ESA CCI program (CCl, 2017; Defourny, 2019). The land cover
classes are converted to vegetation covers, as used by dynamic global vegetation models, whilst aggregating the data to a spati
resolution of0:05 . The following vegetation covers are considered: grassland = "GRA, crops = "CRO', evergreen broad-leaf
forest = "EBF', deciduous broad-leaf forest = "DBF', evergreen needle-leaf forest = "ENF', and deciduous needle-leaf forest =
"DNF'. To ensure a high homogeneity in the selected data, the dominant vegetation type must cover 8¥deésatpixel and
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2.2 Climate classi cation

The climate zone classi cation used in the analysis follows the Képpen-Geiger climate classi cation scheme (Kottek et al.,
2006; Rubel and Kottek, 2010; Rubel et al., 2017). The classi cation maps are representative of the period 1986-2010 and are
available at a spatial resolution @0833 which are extrapolated via binomial interpolation to grid cells (referred to hereon as
pixels) of0:05 .

Four broad categories are considered from this scheme: equatorial, arid, temperate and continental. Equatorial contains
"Group A climate regions: areas where each month is ad@&/€ and with high precipitation. Arid regions are “Group B'
climates: areas de ned by low precipitation. Temperate regions are "Group C' climates: with the coldest month averaging
0 18 C and at least one month averaging more th@rC. Finally, continental regions are “Group D' climates: at least one
month must average beldvC and at least one month abadl@ C. Figure 1 shows the spatial distribution of the global climate
groupings and the dominant vegetation cover of the pixels considered in the analysis.

Figure 1. The dominant Képpen—Geiger climate zone and vegetation cover corresponding to each of the pixels passing the full set of selection

requirements.

2.3 Growing season data

The Vegetation Index and Phenology (VIP) global dataset from NASAs Making Earth System Data Records for Use in Re-
search Environments (MEaSURES) program is used to de ne the growing seasons at each grid cell for each year (Didan, 2016).
The datasets are created using surface re ectance data from the MODIS instrument. This data provides a consistent NDVI and
EVI measurement from which to characterise the vegetation phenology. The Vegetation Index and Phenology (VIP) Phenology
NDVI (VIPPHEN) v004 dataset has a global spatial resolutiof:05 and provides annual metrics on the start and length of
the growing season for each pixel for the years 2000-2014.

Whilst correlation between SIF and GPP has been observed across all seasons, only the relationship between downscale
SIF and FLUXCOM GPP during the growing season of each pixel is considered in the present study (Magney et al., 2019;
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Bowling et al., 2018). This removes the effect of winter periods, when there is little primary productivity and when the retrieval
of SIF can be problematic at northern latitudes. Off-season, the relatively weak SIF signal and the quality requirements in the
downscaling process result in a dataset with gaps. Including this data in the analysis would likely result in distorted conclusions
regarding average downscaled SIF signals over the time period. Additionally, only the rst growing season of each year is
considered in regions with multiple growing seasons.

2.4 SIF data

Two SIF datasets are considered in this analysis, produced via the downscaling method detailed in references Duveiller anc

atdifferentacquisitiontimes(Frankenberg et al., 2011b; Kohler et al., 2018d)e downscaling method calibrates these input

retrievals via a light use ef ciency model using high resolution biophysical variables from the MODIS (MOderate Resolution
Imaging Spectroradiometer) instrument of the Terra and Aqua Satellites. The optimal combination of variables is identi ed in
combination with OCO-2 data, and the downscaled dataset is found to have a high level high spatio-temporal agreement with
observations from the TROPOMI mission.

The resulting downscaled SIFPK and SIFJJ products have a spatial resoludi®® odnd a temporal separation of 8 days
(with measurements averaged over a sliding window of 16 days). The datasets currently cover the timespan 2007-2017, with
46 measurements each year (with the exception of the 2007 SIF dataset, containingedd}rastto-the-coarsereselution

To ensure high quality in the data, and compatibility with the other datasets, several requirements are placed on each pixel

in each year, further to the requirements detailed in Duveiller et al. (2020), Kéhler et al. (2015), and Joiner et al. (2013).
There must be at least 10 instances of validpglébservations of the pixel within the growing season with fewer @@t

of the expected number of SJE missing or invalid. There must also be least six years of valid measurements satisfying the
requirements between 2007-2014. The selections ensure that the SIF signal, which is relatively weak compared to backgrounc
noise, and affected by cloud coverage, is representative of the growing season as a whole as well as excluding regions with shor
growing seasons that may be more susceptible to uctuations from unusual weather conditions. Requiring multiple years of
data passing the quality requirements enables the investigation of temporal trends, whilst also ensuring that the measurement
are representative of each pixel.
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Figure 2. Mean downscaled SIF (above) and FLUXCOM GPP (below) over the growing season, corresponding to each of the pixels passing
the full set of selection requirements. The &Fuxes and GPRx estimations for each pixel are averaged over multiple years between 2007
and 2014.

In order to reduce spatial auto-correlation and the double-counting of interpolated pixels in other datasets, pixels considered
in the analysis must be separated by a two-pixel gap in all directions (Ploton et al., 2020). Each pixel is matched with the dom-
inant vegetation cover and climate classi cation, as well as FLUXCOM GPP and meteorological data, passing the respective
requirements. Figure 2 shows the mean downscaled SIF for the growing season of each pixel passing the analysis selectiol

requirements, averaged over the period 2007-2014.
2.5 GPP data

The gross primary productivity (GPP) dataset is provided by the FLUXCOM project, measured as a daily carbon uptake [gC
m 2 day '] (Jung and FLUXCOM Team, 2016; Tramontana et al., 2016; Jung et al., 2020). In the RS only' setup used in

this analysis and described in Tramontana et al. (2016) and Jung et al. (2019), an ensemble of nine machine learning method
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merge carbon ux estimations from FLUXNET eddy covariance towers with remote sensing data taken or derived from the
MODIS sensor to estimate gross primary productivity across the terrestrial surface. The remotely sensed data includes land
surface temperature, fraction of absorbed photosynthetic active radiation, normalized difference vegetation index, normalized
difference water index and land surface water index. The resulting dataset, hereon referred to as "FLUXCOM GPRx{or GPP
consists of a global estimate of GPP at a spatial resolutidn0833 . These estimates occur in timesteps of 8 days (46 over
the course of a year) and cover the downscaled SIF data collection period up until the year 2016.

The GPP pixels are extrapolated via binomial interpolatiah@® pixels in order to focus on the comparison with thesF
pixels. Figure 2 shows the FLUXCOM GPP for the growing season of each pixel passing the analysis selection requirements,
averaged over the period 2007-2014.

2.6 Meteorological data

ERAGS is the fth generation ECMWF reanalysis global climate and weather dataset, and the ERA5-Land dataset replays the
land component of the reanalysis to provide land variables at an enhanced resolution @h@.dataset is extrapolated via
binomial interpolation t®:05 pixels in order to focus on the comparison with the §glBixels, with only non-consecutive
months considered, in order to reduce temporal autocorrelation.

Meteorological variables are obtained from the ERA5-Land monthly reanalysis dgfagetz-Sabateret-al;2021-MufiozSabater

face net solar radiation (ssr [J rf]: amount of solar radiation reaching the surface of the Earth minus the amount re ected by
the Earth's surface) and soil moisture (swvI13[m 3]: volume of water in soil layer 1, 0-7 cm, of the ECMWF Integrated
Forecasting System). A variable that is not available is the mean monthly vapour pressure de cit (VPD [kPa]), the difference
between the saturated vapour pressure and the actual vapour pressure (Grossiord et al., 2020). It is important in regulating thi
stomatal conductance of plants, and thus useful to relate to both SIF and GPP. Due to non-linearity in the vapour pressure-
temperature response, the average saturated vapour pressure of each month is calculated from the average of the saturati

vapour pressure at the mean daily maximum and mean daily minimum air temperatures over the course of the month, using the
17:27T=(T +237 :3

e = [e (Tma) + € (Tmin)]=2 where: e (T) = 0:061x expl7:27T=(T+237:3) @)

The latter formula is also used in the calculation of the actual vapour pressure from the dewpoint temperature. The mini-
mum and maximum air temperatures and the dewpoint temperature are taken from the ERA5-Land hourly reanalysis datase
(Mufioz Sabater, 2019a).

3 Methodology

The SIbs-GPRx spatio-temporal relationship at global scale is analysed via several diagnostics. Linear models and analysis of
covariance (ANCOVA) are performed to determine the similarities and dissimilarities in the response across different vegetation
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covers. Finally, the response of the §4Fo uctuations in meteorological conditions is investigated to assess the potential of

this metric to diagnose the impact of environmental drivers. For the analysis Og¥thvegetated pixel is described lay

time series of downscaled SIF, FLUXCOM GPP, and meteorological values, taken over the rst growing season of each year
between 2007 and 2014. This same set of 135,000 global pixels is used in each analysis of the current paper, with consideratiot
given to the vegetation cover and climate zone of the pixels analysed.

3.1 The spatio-temporal relationship of SIps and GPP:x

Since the processes and drivers of variability in SIF and GPP may differ in time and space, we designed an analytical framework
to isolate the temporal components of the ssHEPR-x relationship at different temporal resolutions (intra-and inter-annual)

from the spatial variations. The spatial component of the;SIEPR:x correlation is isolated by determining the multi-year

mean Slips and mean GPE, for each pixel. Here “'mean’ refers to the mean daily value of the downscaled SIF or FLUXCOM
GPP over the rst growing season. These values are converted to a multi-year means by averaging over the period 2007-2014

between the mean growing seasongzlBnd GPRy values between consecutive years at the same location. It should be noted
that a temporal degradation in the GOME-2 instruments has been observed, potentially affecting the long-term analysis of SIF
trends and therefore the SIF-GPP relationship, particularly from 2015 onwards (Zhang et al., 2018b). Whilst this may have
a slight impact on the analysis presented here - which uses data collected up until 2014 - we nevertheless consider the inter
annual comparison of Ss and GPRx worthwhile. Meanwhile, the intra-annual correlation refers to the relationship between
individual SI>s and GPRx values made at 8-day timesteps within a growing season, in order to determine the internal growing

season statisticSheeerretationA minimumof 10 observationgvithin agrowing seasoroveratleast6 yearsis required.The

averaged over the multi-year time period.
3.2 The spatial linear relationship between Slbs and GPP:=x

The same process and data used to isolate and determine the spatial component of the correlation is used to determine the glob
spatial linear relationships between g4Fand GPRx. For this purpose, an area-weighted least squares linear model ts the
global SIfhs-GPRy distribution of pixels for each climate and vegetation cover. Whilst theoretically the leaf photosynthesis
may be zero when the quantity of emitted SIF radiation is zero, this does not necessarily imply that the canopy level SIF-GPP
relationship extends linearly to zero, as the canopy level SIF-GPP relationship smooths over known non-linearities at ner

10
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scales and lower SIF yields (Magney et al., 2020). Additionally, forcing the linear regression through the origin based on a
prior expectation (in this case that SIF and GPP are simultaneously zero) that lies outside the bounds of the considered data wil
introduce a bias into the regression parameters. Therefore the intercept of e R« relationship is not forced through

zero to account for this variation, as well as potential deviations from linearity in the sampled pixels.

3.3 Spatial analysis of covariance between SHs and GPP=x

In order to assess and test similarities in the globahSIEPR-x response between vegetation covers, an ANCOVA (analysis of
covariance) is performed. ANCOVA compares linear regressions between two or more groups whilst controlling for a covariate
to test about the stastistical signi cance of the effects. In this speci c case, the downscaled SIF covariate is controlled for in a
spatial linear regression with the FLUXCOM GPP that differes between vegetation and climate groups. A comparison of the
regression slope and intercept between pairs of vegetation cover groupings is conducted in terms of the signi cance (through
the p-value) and the size of the effect (throudh. The p-value for the slope parameter is the probability of obtaining an equal

or more extreme difference in the regression slopes of two vegetation groups under the null hypothesis that the vegetation
cover has no effect. The p-value for the intercept additionally assumes the null hypothesis for the regression slope. The size of
the effect is measured through (0 2 1), the proportion of the sum of squares from the nominal grouping of vegetation
cover,SS,eq, to the overall sum of squares for the linear relations8i@, : L%S@%Sm—

2 = SS\/eg =SSm (5)

Therefore, 2 gives the proportion of the variance attributable to the vegetation cover grouping and is conceptually similar to
the signi cance of the coef cient of determination?, in linear relationshipsFhereferethe The p-value provides evidence

for whether the difference in Sis-GPR:x response is signi cant between vegetation covers, &nchan be thought of as the
magnitude of that difference. For each climate grouping, pairwise ANCOVA comparisons are made between vegetation covers
for a sample of 400-1000 pixels.

3.4 Estimating global GPP with downscaled SIF

an estimate of gross primary productivity, GRPThis is also interpreted in terms of absolute and percentage differences to

the FLUXCOM GPP, with the percentage difference calculate@&yr——=100x{(GPRg—GPRx)=GPRx-

00 X (GPRst  GPR:x)=GPRx (6)

Mapping the differences between FLUXCOM GPP and GPBstimated using the downscaled SIF andsgi6PR rela-
tionships, enables the display of areas where the global, category-dependent, linear relationships succeed or fail in replicating
the GPRx from the local Slips observations. There atereefour different groupings of global linear relationships used in the

breakdown. Firstly the GPP estimate depends only on separate-SFR-x relationships for each Képpen—Geiger climate

11
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gested from the analysis of covariance. The latter is also used to display an estimate of global GPP based on the downscale
SIF, scaled by the FLUXCOM GPP relationships.

3.5 The SIkps response to meteorological uctuations

factorsforSH—uctuationsindifferentelimatezones. The study uses the same initial data as the investigation i GHR:x

response, however monthly averages of thepSlfire taken in order to compare with the month-averaged meteorological

variables. The meteorological factors considered are air temperature, solar radiation, soil moisture and vapour pressure de cit.

Additionally, only non-consecutive months within a growing season are included, in order to reduce temporal autocorrelation.
For every pixel, the mean and standard deviation of the $S#hd meteorological variables is calculated for each month

over the period 2007-2014. These individual monthly values are re-expressed as a z-score for each pixel - i.e. the difference tc

the 2007-2014 monthly mean, standardised by the standard deviatierermparativepurpesesthe The FLUXCOM GPP is

4 Results
4.1 The spatio-temporal correlation of SIFps and GPP:x

The Pearson's correlation coef ciemt, between the downscaled SIF and FLUXCOM GPP is projected into gure 3, to display

betweerthetwo. Meanwhile, gure 4 displays the global spatial and average global temporal correlations for each vegetation

cover and climate zone for comparative purposes.

The rst thing to note is that at a global scale, prior to the breakdown into separate climate-vegetation cover categories, there
is a reasonably strong correlation between the downscaled SIF and the FLUXCOM GPP. Between different climate-vegetation
groupings, however, there is variety in the strength of the correlation. Whilst the breakdown of the relationship by either climate

12



Figure 3. The Pearson's correlation coef cient, (left) andthe linear modelslopeparamete(right) for: Above: the intra-annual temporal
relationship between the downscaled SIF and FLUXCOM GPP over 8-day timesteps within a growing season. Middle: the inter-annual
temporal relationship between the mean annual downscaled SIF and mean annual FLUXCOM GPP. Below: the spatial relationship between

the mean annual downscaled SIF and mean annual FLUXCOM GPP, with the correlation determined for a given dominant vegetation cover

and climate zone overa5 moving window.

13



315

320

Figure 4. The Pearson's correlation coef cient, between downscaled SIF and FLUXCOM GPP for the spatial relationship, intra-annual
temporal relationship within a growing season, and the inter-annual temporal trend across years. For the spatial analysis, a single global
spatial correlation is calculated for each vegetation cover and climate zone, whilst the temporal relationships display the median global
correlation an®5% upper and lower quantiles for each pixel, broken down by vegetation cover and climate zone.

zone or vegetation cover separately provides extra information in comparison to no breakdown, greater variability is shown
from a breakdown by both categories simultaneously, highlighting the value of the downscaled SIF dataset in assessing the
relationship with GPP across vegetation categories in different climates. The slight variation in correlation across different
vegetation covers suggests that, although there are more similarities than differences, there is value in breaking down the
relationship by vegetation cover.

The spatial and temporal analyses show that downscaled SIF functions as a reasonable spatial and temporal proxy for GPF
across multiple timescales and vegetation covers. The gures show that regions and vegetation-climate categories with high

14
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correlation in one spatio-temporal analysis generally show high correlation in another analysis, suggesting that spatial and
temporal correlation in the SPs-GPR:x datasets are actually interlinked. The highest correlations are almost exclusively
found between between SEand GPRx within the same growing season as a result of the strong effect of seasonality in the
key environmental drivers of primary productivity, such as radiation, temperature and water availability. Indeed, all vegetation-

The spatial correlation and the temporal trend between years show similar features, though are generally weaker than the

intra-annual correlation, with some regions of tropical rainforest and continental forest in Russia displaying anti-correlation.
There is also a wider distribution in the strength of thegstEPR:x correlation. This is despite the fact that the temporal
analyses have a more granular level of spatial detail, with each pixel more susceptible to uctuations. This is particularly true

of the inter-annual comparison, which uses fewer data points in the regression.
4.2 The spatial linear relationship between Sligs and GPP:x

Figure 5 shows the relative distribution and spatial linear relationship between the mean growing season FLUXCOM GPP as
a function of the respective mean values of the downscaled SIF during the growing season. The data are broken down into
separate categories depending on the Koppen—Geiger climate grouping and dominant vegetation cover of the pixel.

The signi cant substructure in the S§5-GPR:y distribution and greater deviation from the linearity in the "ALL' categories,

vegetation covers. There is also some evidence that there is a slight trend towards a reduction in the slope in cooler climates
though this may result from factors other than the climate itself, for example, differences in the spatial distribution of vegetation
between evergreen and deciduous types or between C3 and C4 crops and grasses.

In all categories except EBF, the spatial correlations are comparable to the relationship observed between FLUXCOM GPP

and SIF measurements from the OCO-2 instrument, as seen in Sun et al. (2018) con rming the overall value of the downscaled

(broken down by biomeY.gra = 0:74; rcro = 0:88; rege = 0:74; rpgr = 0:8; rye = 0:84 (needleleaf). The differences
to this study may result from the selection criteria of the biomes, the singular grouping of vegetation covers across different
climate zones, and the forcing of the linear relationship intercept through zero. In particular, the latter assumption of the SIF-

We acknowledge that, in some categories, a linear model may be too simplistic to represent the relationship begween SIF
and GPRx. This is more true for the woody plants which display some complexity in thesSBP R« relationship, in contrast
to herbaceaous vegetation, which remains highly linear, despite exhibiting a greater range in values. The clearest deviation fron
linearity is found in highly productive equatorial evergreen forests, where a wide range of spatio-temporal variatigg in SIF
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Figure 5. The spatial relationship between the mean growing season downscaled SIF and FLUXCOM GPP, broken down into separate
Kdppen—Geiger climate zones and vegetation cover categories. The plot shows the frequency distribution of pixelssHaE B bins,

relative to the highest frequency bin in that category. A black dashed line representing a linear model in each category is overlaid and
compared to a grey dotted line representing a linear model produced without the breakdown into separate categories (i.e. 'ALL-ALL"). The

linear model equation, correlation coef cientroot mean squared error (RMSE) and number of pixels are included.
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is observed, while a considerably smaller variability is reproduced in the modellegkGPfs non-linearity is explored in
more depth in the discussion.

Whilst at rst glance the heatmap of temperate deciduous broadleaf forests similarly hints at a plateau effect, the gure canin
fact be divided into two areas of high $j§and low Slkps data points corresponding to separate spatial locations. The lower
Slps values correspond to deciduous forests in Southern Africa and South America, whilst the highevadlies occur
in North America and Europe, suggesting that there may not be global universality in the &fR-x relationship, or that
different types of deciduous broadleaf forests found in distinct regions could respond differently, possibly based on differences
in species compositiorit shouldbe notedthatthis distinctionis not observedn the TROPOMI SIF datasefor theyear2020
(appendixA4).

4.3 Spatial analysis of covariance between SHs and GPP=x

The results of the analysis of covariance between pairs of vegetation covers within a climate zone, are shble™h

the ANCOVA analysis assumes linearity betweengsl&nd GPPRx, which is present in most vegetation covers, with noted
o 5

exceptionsin eachclimate categoryvegetationcoverpairswith thelarge or-theslopearelisted wheretheslope

The ANCOVA results in equatorial regions show that the categorisation by vegetation class is not a signi cant factor in
the slope-dependence of the S§FGPR-x for all vegetation types except evergreen broadleaf forests, which, as discussed,
exhibits non-linearity in the Skis-GPRx relationship. Differing intercepts between the DBF and the herbaceous vegetation
covers, however, suggest that whilst the SHGPR-x relationship scales in similar ways between vegetation covers, there
may be differences in the starting potential. Linear relationships in grass and cropland are statistically indistinguishable, whilst
around10% of the sum of squares between DBF and CRO/GRA intercepts can be attributed to the vegetation classi cation.
In equatorial broadleaf foresi®? 19%of the difference in the Slis-GPR:x scaling can be attributed to the categorisation,
and therefore when using SIF as a proxy for productivity, EBF should clearly be considered separately from other vegetation
classes.

In arid climates the difference between the slopes of vegetation covers is signicermsof the p-valuefor all except

the ENF-CRO pair. However, there is little to distinguish thegstEPR-x scaling by vegetation categories, with less than

2% of the sum of squares attributable to the vegetation covers for all except GRA-DB)- If the assumption is made

that the vegetation categorisation has no effect on thesSBPRyx slope, and that the slopes can be considered parallel
between vegetation covers, then the intercepts generally distinguish between the woody and non-woody vegetation covers

with crossover in CRO-ENF. Between the ENF-DBF intercep,of the sum of squares is attributable to the vegetation
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