1 Author General Response

We thank the reviewers once again for their valuable feedback and contribution
to this study. Our specific responses to reviewer comments are shown further
below in blue.

Through this review process we have noticed some additional points we consider
worth correcting.

First, is that calculation of the observational uncertainties for the high-resolution
case (2 x 2 degrees) are not valid. This is because we effectively preserve the
information content in the GOSAT observations (3 x 3 degrees) when calculating
the error reduction in the main experiment. Therefore, the additional test case
experiment where we scaled the observational uncertainties by 1/ V19 has been
omitted.

Second, is a follow up on the issue we already flagged with the editor and ed-
itorial support. As flagged, we found some inconsistencies in the model that
required some additional investigation. These were found to relate to the bio-
chemistry of the model code. The inconsistencies have now been reconciled,
the analysis has been run again, and the manuscript has been updated with
the new calculated values. Overall, the main conclusions of the paper have not
changed and the effective constraint from SIF on global GPP has changed little
(from 79% to 73%). The predicted global GPP, however, increased following this
correction and therefore the reported prior and posterior uncertainties (in PgC
yr-1) increased. The corrections made meant that some biochemical parameters
were also omitted from the analysis. The total number of parameters has gone
from 72 to 53. This correction is more consistent with the theory underlying
the Collatz biochemical models of C3 and C4 photosynthesis and specific for
the SCOPE calculation of GPP.



2 Anonymous Referee # 1

Note: Author comments are shown in blue.

First of all, I thank the authors for their effort in addressing the referee’s com-
ments, and indeed the manuscript is now much clearer. However, I am still not
convinced by the way the authors circumvented the issue of estimating the total
observational error. This is why I suggest to revise it before being considered
for publication, and below is a more detailed account.

The authors claim in section 1.1.1 of their response, and as a reason for leaving
aside the structural/model uncertainty in posterior error propagation, that this
uncertainty cannot be estimated prior to performing a full assimilation. This
is simply not true. One of the diagnostics provided by Desroziers et al. (2005)
calculates the observational uncertainty (model + measurements) as the differ-
ence between prior model-data mismatch and propagated prior parameters error
(Eq. 1 therein), which is one of the method put into application by Kuppel et al.
(2013) (see Eq. 1 therein). Therefore, nothing prevents the authors from using
this method. All the more because neglecting the model error in the covariance
matrix Cp could significant impact the large uncertainty reduction estimates
currently presented in the manuscript. All the more that this study presents a
novel couplings of model components where the structural uncertainty is essen-
tially unknown. Ignoring this central aspect seriously undermines the impact of
this paper.

Thank you for your feedback and indeed your are correct. We have performed
this analysis as described below and included it in the manuscript. We have
added the equation given below in the methods section of the manuscript, and
added this analysis into the results and discussion.

We calculated the so-called Bayes’ factor, or a reduced x? metric (y2). We do
not believe it is appropriate to perform this using the low-resolution version
of the model as is done throughout the rest of the manuscript considering the
large contribution of representation errors. Therefore, we conducted a forward
run at a higher resolution (2x2 degrees), more credible for this purpose. This
simulation has been brought forward from some analyses from unpublished work
at this higher resolution using SIF from the OCO-2 satellite for the year 2015.
While there is a slightly different discretization of the parameters in this version,
it provides an insight into whether our uncertainties are consistent with the
model-data mismatch. The formulation is follows:

9 1

Xi = 5 (Ma, = d)(HCy HY + Ca) ™ (M, — y) (1)

where N is the number of observations, M, is the model simulated SIF using
prior parameter set, and d is the SIF observations. From this we get a x2 equal
to 0.97, which gives evidence that our assumptions around uncertainties fit with
the model-data mismatch.



On page 8, lines 21-24, it seems to me that there is a confusion between struc-
tural and systematic errors; a probabilistic framework (such as that used by
Kuppel et al. (2013)) can only characterize random errors (as opposed to sys-
tematic ones). Thus nothing really can be stated about systematic errors in the
model, and it cannot be opposed to the systematic errors of measurements. Note
that, as stated in the original report, using ’observations’ on line 23 is rather
confusing, data/measurements would be more appropriate. In addition, I don’t
understand what kind of ’structural uncertainty’ the authors are talking about
on line 24, since just before they talk about systematic error in observations;
did you mean ’systematic error’? As stated above, I think this section requires
further analysis.

Thank you for the comment. First, our terminology is perhaps not clear enough
here, thank you for bringing that to our attention. We have modified the
manuscript such that there is clear distinction between ”measurement/data er-
ror” and ”observation error”. Additionally we provide a clear description of
what we mean by a ”systematic error”. Second, as you point out, a probabilis-
tic framework can only characterize random errors. A distinction can be made
between a systematic error and a bias. We consider a systematic error to be
a randomly distributed error of unknown sign that applies to a subset of the
measurements. The zero-level offset is this type of error. A bias is a systematic
error with a known sign hence it cannot be included in this framework. This
can be denoted as follows, where the true value (y!) of a quantity (e.g. SIF) can
be given by

Yi=vyite+z (2)

where y; is the measured value at index point i, £; is a random variable of which
the variance is equal to 02, and z is a random variable that has some variance
and is constant for a subset of the measurements (e.g. of a particular region or
time). In this sense z is a systematic error. In the case of the zero-level offset
in the GOSAT SIF measurements, z is a systematic error of unknown sign and
applies to the whole globe each month. We can approximate the magnitude of
this error, but in reality we do not know it’s sign. This means we can assess the
effect of z on the error propagation analysis from SIF to GPP. We clarify this
in the methods section of the manuscript.
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Abstract. The synthesis of model and observational information using data assimilation can improve our understanding of the
terrestrial carbon cycle, a key component of the Earth’s climate-carbon system. Here we provide a data assimilation framework
for combining observations of solar-induced chlorophyll fluorescence (SIF) and a process-based model to improve estimates
of terrestrial carbon uptake, or gross primary production (GPP). We then quantify and assess the constraint SIF provides on
the uncertainty of global GPP through model process parameters in an error propagation study. By incorporating one year of
satellite SIF observations from the GOSAT satellite, we find that the parametric uncertainty in global annual GPP is reduced
by 7973%, from & 43:6-19.0 PgCyr~! to + 2:8-5.2 PgCyr~!. This improvement is achieved through strong constraint of leaf
growth processes and weak to moderate constraint of physiological parameters. We also find that the inclusion of uncertainty
in shortwave down radiation forcing has a net-zero effect on uncertainty in GPP when incorporated in the SIF assimilation
framework. This study demonstrates the powerful capacity of SIF to reduce uncertainties in process-based model estimates of

GPP and the potential for improving our predictive capability of this uncertain carbon flux.

1 Introduction

The productivity of the terrestrial biosphere forms a key component of Earth’s climate-carbon system. Estimates show that
the terrestrial biosphere has removed about one quarter of all anthropogenic CO5 emissions thus preventing additional climate
warming (?). Much of the interannual variability in atmospheric CO concentration is also driven by terrestrial productivity.
Despite this significance, understanding of the underlying mechanisms of terrestrial productivity is still lacking. This manifests
in a large uncertainties in the predictive capability of terrestrial productivity and thus, future predictions of atmospheric CO2
and temperature (?).

A key challenge is disaggregating the observable net CO4 flux into its component fluxes, gross primary production and
ecosystem respiration. Gross primary production (GPP) is the rate of CO4 uptake through plant photosynthesis and the largest
natural surface to atmosphere flux of carbon on Earth (?). Estimating spatiotemporal patterns of GPP at the scales required

for global change and modeling studies has, however, proven difficult. This is primarily due to two reasons, the complexity
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of the processes involved and the difficulty in observing those processes (??). Remote sensing observations of solar-induced
chlorophyll fluorescence (SIF) offer a novel constraint on GPP and the potential to partly address these two issues (?).

At the leaf scale chlorophyll fluorescence is emitted from photosystems I and II during the light reactions of photosynthesis.
These photosystems are pigment-protein complexes that form the reaction centers for converting light energy into chemical
energy. It is in photosystem II (PSII) where photochemistry, the process initiating photosynthetic electron transport and leading
to CO., fixation, is initiated. The link between chlorophyll fluorescence and photochemistry is confounded by a third key pro-
cess however, heat dissipation, also termed non-photochemical quenching (NPQ). Both photochemistry and NPQ are regulated
processes, responding to changing physiological and environmental conditions (?). Changes in the rates of photochemistry and
NPQ, and electron sinks other than CO fixation, lead to a non-trivial, but direct link between chlorophyll fluorescence and
photosynthetic rate (??). Because chlorophyll fluorescence is tied in with these physiological processes it has become a highly
useful indicator of leaf physiological state (see reviews by ??).

At the canopy scale and beyond the link appears simpler, exhibiting ecosystem-dependent linear relationships (?). The slope
of this linear relationship can change as the light-use efficiency of either SIF or GPP changes, for example due to water stress
(?) or changing light conditions (?). SIF also seems to outperform traditional remote sensing methods, such as Normalized
Difference Vegetation Index (NDVI) and the Enhanced Vegetation Index (EVI) that use reflectance to derive vegetation indices,
in tracking changes in GPP at this scale (??). This is in part because the SIF emission originates exclusively from plants, thus
the retrieval is not contaminated by background materials like soil or snow. It is expected, however, that complicating factors
such as the retrieval wavelength, temporal scaling, chlorophyll content, 3-dimensional canopy structure, and stress will also
play a role in the GPP-SIF link (2???). Using high-resolution spectrometers onboard satellites global maps of SIF have been
produced. A number of existing (GOME-2, GOSAT, OCO-2, TROPOMI, SCHIAMACHY) and planned (FLEX, GEOCARB)
satellite missions are capable of measuring SIF. Utilizing these remotely-sensed SIF observations directly to track changes in
GPP have already proven useful even without the addition of ancillary data or model information (2???).

Data assimilation enables the use of observations and model information together to produce a best estimate of the state
and function of the system. In the case of mechanistic models this is done by constraining the simulated processes and their
parameters. Such an approach has been applied to terrestrial biosphere models to optimize model parameters and constrain
uncertainty of carbon flux estimates in a number of studies (see ????). The Carbon Cycle Data Assimilation System (CCDAS)
is one such system and has ingested observations such as atmospheric CO4y concentration and/or the fraction of absorbed
photosynthetically active radiation (FAPAR), demonstrating the benefit of combining model and observations in a regularized
approach (??). The use of SIF observations within a data assimilation framework may provide a highly useful, complementary
constraint on GPP. While one study by ? utilized SIF in a data assimilation system to redistribute multiple model estimates of
GPP, no optimization of model process parameters was performed. ? incorporated a mechanistic model for SIF into the CCDAS
system and conducted sensitivity tests and a comparison of the model SIF and observed SIF from GOSAT demonstrating the
model is capable of ingesting the data. However, SIF has not yet been used on a global scale in a data assimilation system. A
key first step toward this is to quantify the potential constraint that SIF provides on the underlying processes that drive GPP
and, hence, on GPP.
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In this paper, we assess the ability of satellite SIF observations to constrain the parametric uncertainty of simulated GPP in a
terrestrial biosphere model within a data assimilation system. This is termed an error propagation study and is similar in concept
to an observing system simulation experiment or quantitative network design study (???). Parameters and simulated GPP are
therefore optimized only for their uncertainty and not for their absolute quantities. Considering SIF is a novel observational
constraint, this is an important first step toward a full assimilation of the data allowing us to evaluate the level of constraint SIF
will impose on GPP and how that constraint is propagated through the model.

2 Methods

We formulate this error propagation study into two key stages; (i) optimization of parameter uncertainties and; (ii) projec-
tion of parametric uncertainties onto uncertainty in diagnostic GPP. This allows us to conduct a thorough assessment of how
effective SIF observations are at constraining the uncertainty of model parameters and the parametric uncertainty of model
simulated GPP. Under the linear Gaussian assumption, the uncertainty of a target quantity following assimilation of the data
(i.e. the posterior) is conditional only on the prior uncertainty, the uncertainty of the observations and the sensitivity of sim-
ulated observations to changes in the parameter (?). Thus, this is a linear problem that can be performed independently of
the optimization of actual parameter values. Here, we outline the model used to simulate the observation (SIF) and the target
quantity (GPP). We also outline the model parameter set describing these processes, the uncertainty in the observations and
model forcing, and general experimental setup.

2.1 Model Description

In order to ingest an observation into a data assimilation system, we require a model or *observation operator’ that can simulate
SIF, ideally providing a process-based relationship between SIF and GPP. There are a few ways one might formulate the
observation operator. Evidence shows a strong linear relationship between SIF and GPP at large spatial scales and relatively
long temporal scales (??), suggesting relatively simple scaling between GPP and SIF. However, it is known that the link is more
complex than this, and it is expected to differ at finer spatial and temporal scales due to, for example, land surface heterogeneity
or the time of day of the measurements. To ensure the model has these capabilities we have opted for a mechanistic-based
observation operator.

In this section we describe the newly developed terrestrial biosphere model for simulating and assimilating SIF. The model
is an integration of the existing models BETHY (Biosphere Energy Transfer Hydrology) (??) and SCOPE (Soil Canopy Ob-
servation, Photosynthesis and Energy fluxes) (?) and builds upon the developments of 2. The coupling of BETHY and SCOPE
enables spatially explicit, plant-type dependent, global simulations of GPP and SIF. This model may be run on a computation-
ally efficient, low-resolution spatial grid of 7.5° x 10° or a high-resolution spatial grid of 2° x 2°.

BETHY is a process based terrestrial biosphere model at the core of the Carbon Cycle Data Assimilation System (CCDAS)
(?7?). Full model description details can be found elsewhere (e.g. ??7). Briefly, BETHY simulates carbon assimilation and plant

and soil respiration within a full energy and water balance. The version used here also incorporates a leaf area dynamics module
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for prognostic leaf area index (LAI) as described in ?. This module includes parameters for leaf development, phenology and
senescence processes (hereby collectively termed leaf growth) to determine LAI in a scheme that incorporates temperature,
water and light limitations on growth and is capable of representing the major global phenology types (?). This scheme also
enables the representation of subgrid variability in leaf growth, representing the likely variability in growth triggers across a
grid cell and necessary for differentiability between process parameters and state variables. The full BETHY model consists
of four key modules: (i) energy and water balance; (ii) photosynthesis; (iii) leaf growth and; (iv) carbon balance. It represents
variability in physiology and leaf growth of plant classes by 13 plant functional types (PFTs) (see Table 1) originally based on

classifications by ?. Each model grid cell may consist of up to three PFTs as defined by their grid cell fractional coverage.

Table 1. PFTs defined in BETHY and their abbreviations.

‘ PFT # ‘ PFT Name Abbreviation
1 Tropical broadleaved evergreen tree TrEv
2 Tropical broadleaved deciduous tree TrDec
3 Temperate broadleaved evergreen tree TmpEv
4 Temperate broadleaved deciduous tree TmpDec
5 Evergreen coniferous tree EvCn
6 Deciduous coniferous tree DecCn
7 Evergreen shrub EvShr
8 Deciduous shrub DecShr
9 C3 grass C3Gr
10 C4 grass C4Gr
11 Tundra vegetation Tund
12 Swamp vegetation Wetl
13 Crops Crop

SCOPE is a vertical (1-D) integrated radiative transfer and energy balance model with modules for photosynthesis and
chlorophyll fluorescence (?). At present it is the only process-based model capable of simulating canopy-scale chlorophyll
fluorescence. SCOPE incorporates current understanding of chlorophyll fluorescence processes including canopy radiative
transfer, re-absorption of fluorescence within the canopy, and the non-linear relationship between chlorophyll fluorescence
quantum yield and other quenching processes (??). Leaf level chlorophyll fluorescence is coupled to the commonly used
Farquhar and Collatz models for C3 and C4 photosynthesis, respectively (?). A current limitation of SCOPE is that there is no
link between leaf level biochemistry and soil moisture. This is compensated by changes in LAI as provided by BETHY.

The canopy radiative transfer and photosynthesis schemes of BETHY have been replaced by the corresponding schemes in
SCOPE, including the components required for calculation of chlorophyll fluorescence at leaf and canopy scales. The spatial

resolution, vegetation (PFT) characteristics, leaf growth, and carbon balance are handled by BETHY. SCOPE therefore takes
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in climate forcing (meteorological and radiation data) and LAI from BETHY, and returns GPP. BETHY calculates the canopy
water balance, leaf growth, and net carbon fluxes, which will prove useful in future when assimilating other data streams
(e.g. atmospheric CO4 concentration). Importantly, SCOPE provides a process-based link between SIF and GPP allowing the
transfer of information from observations of SIF to simulated GPP. Subsequently, information from SIF may also be transferred

to carbon fluxes resulting from GPP such as net ecosystem productivity.
2.2 Model Process Parameters

In this error propagation system, information eontentfrom-SH-observations-are-from the SIF observations is used to constrain
the uncertainty in-of the model process parameters. Parameters can be-etther—<ither be global or differentiated by PFT. Global
parameters apply to plants or soils everywhere while PFT-dependent parameters enable differentiation between physiological
and leaf growth traits. Some key parameters for this study such as the maximum carboxylation capacity (Vemax ) and chlorophyll
a/b content (Cyp) are considered PFT-dependent. From an ecophysiological perspective, there are other parameters specific to
SCOPE that may be considered PFT-dependent such as the vegetation height and leaf angle distribution parameters. However,
we have assumed them to be global to simplify the problem. GPP is relatively insensitive to these parameters, so this is not
expected to impact the GPP uncertainty reduction results. Despite this, in a full assimilation with the SIF data it may be
necessary to make these PFT-dependent to improve the model-observed fit.

We expose 72-53 parameters from BETHY-SCOPE to the error propagation system (see Table Al). As stated above, each
of these is represented by its PDF, assumed to be Gaussian. The mean and standard deviation for the prior parameters is
shown Table Al. Choice of the prior mean and uncertainty for parameters follow those used in previous studies (???). For
new parameters that are not well characterized (e.g. SCOPE parameters) we assign relatively large prior uncertainties, and
mean values in line with the default SCOPE parameters and with ?. The choice of the prior may be considered important
here considering we are using a linear approximation of the model around x( and that the model is known to be non-linear.
Therefore, sensitivities can differ depending upon the choice of zq (?).

There are seven-twelve SCOPE parameters exposed, one of which is PFT-dependent. These parameters were chosen due
to their importance in simulating SIF or GPP, and to sensitivity tests such as those performed by ?. They include Cap, leaf
dry matter content (Cyp, ), leaf senescent material fraction (Cs), two leaf distribution function parameters (LI D Fa, LI DFD),
vegetation height (hc) and leaf width. Leaf physiological parameters include Vimax is-a-parameter—shared-by-BETHY-and
SEOPE, Michaelis-Menten Kinetic coefficients for CO2 (K¢) and Oz (Kg), the ratio of the Rubisco oxygenation rate to
Vemax_(Qy,.x.). and the ratio of day respiration to Vemax (QR4.V.)-

2.3 Uncertainty Calculations

To calculate the uncertainty in parameter values following the constraint provided by the observational information of SIF
(i.e. the posterior uncertainty) we propagate uncertainty from the observations onto the parameters. In order to perform this,
we utilize a probabilistic framework where the state of information on parameters and observations is expressed by their

corresponding probability density functions (PDF) (see ?). The probability density of the errors in these quantities is assumed
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to be Gaussian, thus they are describable by their mean and uncertainty. The prior information on parameters is quantibec
by a PDF in parameter space and the observational information by a PDF in observational space. The mean values for the

parameters and observations are denoted &ydd, respectively. The uncertainty covariance matrices in parameter space and

observational space are denoteda‘yand Cq, respectlverFeFMJ%@rrepresen%ﬁqeeﬁemﬂheebsewaHermﬂdmme

For linear and weakly non-linear problems we can assume that Gaussian probability densities propagate forward through
to Gaussian distributed simulated quantiti&gs This permits linear error propagation from the input parameters to the model
outputs. Estimating posterior uncertainties of the parameters for these types of problems can therefore be performed indepen
dently of the parameter estimation, in other words without the need to constrain the mean values of the paf@ndibis (
requires a matrix of partial derivatives of a target quantity with respect to its variables, also called a Jacobiamhakhis(
matrix represents the sensitivity of a simulated quantity (e.g. SIF, GPP) to the parameters. With the linear approfinmtion,
calculated around the prior parameter valugg.(This simplibcation of the model sensitivity brings limitations to the accuracy
of the method. However, with the aggregation of subgrid variability across a model grid cell, sudden shifts in model sensitiv-
ity (e.g. step functions) are less likely or realistic; the present model incorporates these &jfesti{tionally, because the
parameter space can be very large, the use of prior knowledgg loelps to limit the effect of this problem d$ at x¢ likely
provides a decent approximation of the trkiethat would occur at the global optimur)( The simplibcation is also useful
considering the high computational cost of calculathhg

To calculate the posterior parameter covariance matrix ( ) following constraint by observational informatiofy, we
use Eq. 1 7).

Cl =G+ H'C'H @

Tpost

WhereH expresses the Jacobian for SIF &id the Jacobian transposed. Comparing parameter uncertainties in the prior
(Cz,) and the posterior(;,,, ) allows us to quantify the improvement in parameter precision following the observational

constraint. The parameter uncertainties(l, andC,_ ., may be expressed as standard deviatier)sbf calculating the

post
square root of their diagonal elements. We can therefore assess the relative uncertainty reduction in parameter following SIF
constraint, or Oeffective constraint®, Withdlsskerior/oprior). This quantiPes the effective constraint of the prior uncertainty

and may be represented as a percentage decreasentertainty.
Fgrmally,,,cd,,rgpresentghq @rror§|n the, mﬁasuremenxﬁnd. ,,,th(—;;,,model§|mulatedpgpnterpar;(| em,modql,@rror)( ) -
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N "
12= 1! M (Xo) ! d H(:X[)|-|T+cd M (xo)! d 2)

llIIIIIIII|||IINIIIIII|||lll|IIIIIIII|||ll

WherQ.N.. I3 the,mpmberofllqpﬁervatlowl\/l (XO). '$| the,f.grward mode, ﬁlmulatedﬁlF..,for...the..prlor gaseang dn ..the..SlF

The observatlonal constraint mtroduces correlatlons into the posterlor parameter distributions, thus posterior parameter un-

certainties are not wholly independent. Strong correlatio®in

osf

indicate parameters that cannot be resolved independently

in an assimilation, however their linear combinations cantb&

to-the-overallconstraintof-the targetquantity(?—We calculate correlations in parameters by expressing the covariances as
correlations as in Eq. 3 (s€p.71)-Asaresulthy

Riyj = #—C%i (3)
Cii Gy

T

Using the parameter covariance matrix we can assess how parameter uncertainties propagate forward through the model ont
uncertainty in GPP using the Jacobian rule of probabilities, the same method outlhddia is the second stage of our error
propagation study. UsinGy, we estimate the prior uncertainty in a vector of simulated target quantities (i.e. GPP). Similarly,
usingCy,,., we estimate the posterior uncertainty in a vector of simulated target quantities. We calculate the uncertainty

covariance of GPPRQgpp ) using Eq. 4.

Copp = Hopp CxH&pp 4)
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WhereHgpp is the Jacobian matrix of GPP with respect to the parameters. With this we can quantify the improvement in
precision of simulated GPP by using eitt@y, or Cy_, in Eq. 4. Therefore, using the forward model, a statistical estimation
scheme and a set of observational uncertainties we can assess the information content of the SIF observations in the context ¢
the model, its parameter set, and simulated GPP taking explicit consideration of uncertainties.

2.4 Uncertainty in Observations and Model Forcing Variables

impact of an observing system on the estimation of carbon RéxXeservationalineertaintiesf-Datayneertaintigsn SIF used
here are calculated from the GOSAT satellite observations for 2010. This data is obtained from the ACOS (AtmG§kheric
Observations from Space) project at a grid resolution df Bj. As the model simulations are performed on a low-resolution
grid (7.5i! 10j), we aggregatthe ebservationafpeseuncertainties to this resolution using Eq. 5 as described below.

We assume the observations are independent and have uncorrelated errors, that is, they are distributed randomly. Assumin
uncorrelated errors is, however, likely to overestimate the information content particularly if using the standard error as the
uncertainty. Although it has been used in recent studies with satellite SIF?jetbe standard error is likely to be an overly
optimistic approximation of the information content. For this study, we take a slightly conservative approach, scaling the
calculated standard error by the square root of two as shown in Eq. 5. This effectively doubles the variance in an independent
dimension and reduces the information content to compensate for the assumption of uncorrelated errors.

Through aggregation of GOSAT grid cells to the model grid resolution the number of indepebhdentationg)gasurements
a given model grid cell is, approximately, divided by the square root of the number of GOSAT grid cells with SIF data that fall
within that model grid cellll ). More precisely, we apply an area-weighting term in the equation (see Supplementary material
Eq. Al). This has the effect of scaling the uncertainty by theNL/law, but takes into account the fact that SIF is in physical
units per units area (i.&V m' 2 um'  sr' 1) and that grid cells have different areas over different latitudes. A full description
of this calculation and detailed example is shown in supplementary material.

5 (for further details see Supplementary material Section A2). For a given model grid cell, the varigniseapproximately
equal to the sum of the standard error of each individual GOSAT grid!gglsguared, then scaled by the number of individual
GOSAT grid cells with data and the square root of two.

12 (%)

The resulting annual observational uncertainties, shown in Figure 3, appear to be much smaller than the uncertainties of
individual GOSAT grid cells. In part this is due to the aggregation of multiple independent observations. Regions with more
soundings across the year (e.g. the tropics) will also have smaller annual uncertainties.
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di+¢g+ 2z (6)

small (??). Here, we provide a more deta|led assessment and characterlzatlon of the in-orbit systeeeatintiggrror. This
is performed by assessing zero-level offset corrected GOSAT SIF soundings over the non-RBuorescent regions of Antarctica anc
central Greenland during January and July, respectively. Systematic errors appear quite @8Iy’ m' 2 um' * sr' 1)
(see Appendix Figure 10) and may vary seasonally. We therefore assess the effect of a conservative systematic random errc
of sizex 0.1 W m' 2 um' * sr' 1 in the zero-level offset seasonally. This provides a sensitivitydesteorperatingthis

systematianeertaintyinto-theerrorpropagatiorsystentq jndicatehow,angrrorjn the zero-levelgffsetpayprppagatghrough
to uneertaintyin GPP

An additional source of uncertainty in model estimates of GPP is climate forcing. As mentiorfedvhife uncertainty in
forcing such as incoming radiation is not considered in the current CCDAS setup, it is considered to be an important variable
in driving SIF (?) and GPP 7). Without consideration of uncertainties in forcing variables the uncertainty in GPP may be
underestimated. Studies that use process-based models or empirically-derived relationships do not explicitly consider such
uncertainties (e.g?). One such forcing variable is downward shortwave radiation (SWRad). Monthly means of SWRad are

suggested to have a random error ofi12n' 2 (,6%,, ,,the,,mean)due mostly to uncertalnty in clouds and aeros@ls (Ve

as SIF responds strongly to SWRad, there is the potentlal to ut|I|ze SIF observations as a constraint on the uncertainty of the
forcing. We therefore conduct an additional experiment that incorporates the uncertainty in SWRad in the error propagation

system. For this experiment an additional parameter representing SWRad is added to the inversion, which acts as a scaling
factor for SWRad globally. We investigate the level of constraint SIF provides on this scaling factor, and the subsequent effects

of incorporating uncertainty in SWRad in this inversion on uncertainty in GPP.
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2.5 Model and Data Setup

In this study BETHY-SCOPE is run for the year 2010 on the computationally efficient, low-resolution spatial grid (7.5° X
10°). As the dynamical equations are the same for either low-resolution or high-resolution scales, use of the low-resolution
setup is appropriate for an error propagation study as long as careful consideration is taken with observational uncertainties.
Climate forcing in the form of daily meteorological input fields for running the model (precipitation, minimum and maximum
temperatures, and incoming solar radiation) were obtained from the WATCH/ERA Interim data set (WFDEI ?). Photosynthesis
and fluorescence are simulated at an hourly time step but forced by the respective monthly mean diurnal cycle. Leaf growth
and hydrology are simulated daily.

SIF is simulated at 755 nm, the wavelength corresponding to the GOSAT retrieval frequency and near to the OCO-2 retrieval
frequency (757 nm). We focus upon the constraint by SIF measurements at 1:00 p.m. local time as it closely corresponds to
the local overpass time of the SIF-observing satellites GOSAT and OCO-2. However, we also investigate the effect of using
alternative SIF-observing times (e.g. the GOME-2 satellite overpass time) and multiple observing times simultaneously on the

constraint of GPP.

3 Results

3.1 Prior Mismateh

First, we present the results from Eq. 2 that determines whether the assumed uncertainties allow for coverage of observed
SIE, As described in the methods, in this case we use a model forward run using the high-resolution version of the model and
compare this with a SIF observations from the OCO-2 satellite. We find that x? = 0.97 in this high-resolution case, close to the
optimal value of one.

3.2 Parameter Uncertainties

A key metric for assessing the relative uncertainty reduction, or ’effective constraint’, is defined as 1-(0posterior/Oprior). The
effective constraint for all 72-53 parameters following constraint by SIF is shown in Figure 1 and in Table A1. We define weak,
moderate and strong effective constraint as the relative uncertainty reduction from 1-10%, 10-50%, and >50%, respectively.

Parameters describing leaf composition (Cyp, Cypm, Csm) generally achieve strong effective constraint from SIF. For eleven
of the thirteen C,;, parameters the uncertainty is strongly constrained, between about 50% and 85%. SIF is highly sensitive
to C,p and we assign a relatively large prior uncertainty on these parameters, so considerable constraint is expected. For
the tropical broadleaved evergreen tree PFT however, the effective constraint on Cy; is much lower at 87%. For other leaf
composition parameters Cyg,, and Cs,, SIF effectively constrains the uncertainty by 21% and <1% respectively.

Varied effective constraint is seen for the leaf growth parameters (parameters 37-53-18-34 in Table A1) that control phenol-
ogy and leaf area. Four out of the seventeen leaf growth parameters exhibit strong uncertainty reductions. These parameters

pertain to a variety of processes including the temperature at leaf onset, day length at leaf shedding, leaf longevity, and the
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Figure 1. Effective constraint of BETHY-SCOPE model process parameters from SIF observations. Only the parameter numbers are given,

for the corresponding descriptions see Table Al.

expected length of dry spell before leaf shedding ) (see Table Al). The parametay; is important in controlling leaf area
and it sees strong effective constraint from SIF, fré628-63% depending upon which class of PFT it pertains to. For the
parameters that are PFT-specibc, there is generally a larger constraint seen when they relate to the C3Gr, C4Gr and crops. F¢
example, uncertainty imy for grasses and crops{’”) is effectively constrained byo65%.

Leaf physiological parameters (parameter361-17in Table Al) see a weak to moderate level of effective constraint. Of

particular importance for simulating GPP is the PFT-specibc paramgtgyr. Effective constraint of,.,,,,. varies from <1%
up to 30% depending upon the PFT of inter&kFive PFTs that, combined, represent ab8d®5% of the land surface have
their V.., parameters constrained by >108@meThe global physiological parameterseeiveaweakeenstraintfrom-SH-

carborylationtéc 2 3%ndudelheratioo! the MaxmuTVateof oyERnaioNYissee 12 Venss (). tecorresponding
activationenergylor carboxylationt s  2:6%)andor 2o of darkrespiaion(s) 10 Vema Ev—l%m) and
andO; (K.,). Theseall seeveryweakeffectiveconstrainfrom SIF (<1%).

Global canopy structure parameters (paramed€r§250-53in Table Al) also see a weak to moderate constraint from
SIF. In particular the structural parametdrsD F'a and LI D Fb see their uncertainty reduced Bg%-and1622% and 9%,
respectively. The parameters for vegetation height and leaf width, which are used to calculate the Ruorescence "hot-spot"
variable (se@), are effectively constrained 87% and <1%, respectively.

Parameters that pertain to more dominant PFTs in terms of land surface coverage (e.g. C3 grass) tend to see stronge
uncertainty reductions. This is due to them being exposed to more SIF observations.

11
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Figure 2. Correlation coefficients (r-value) in the posterior parameter covariance matrix (C,,.,). This shows the magnitude and sign of
correlations in posterior parameter uncertainties following constraint with SIF data. Only parameters with an absolute correlation coefficient
>(.25 with one or more other parameters are shown. Values above and below the diagonal are identical, therefore those above are coloured

grey. The axes labels show the parameter symbol and number as defined in Table Al.

With the observational constraint correlations are introduced into the posterior parameter distributions. We assess these
correlations using 3, shown in Figure 2. We find strong (R > 0.5) positive correlations between nine of the PFT-specific Cys,
parameters. These are also negatively correlated the leaf angle distribution parameter LI D F'a. Thus, during a full assimilation
with SIF data only the sum of C,; and LI D Fa can be resolved, not their individual values. Two leaf growth parameters are

5 also strongly correlated, Ty with T).. Smaller correlations are also present between the subset of parameters shown in Figure 2.

To assess the effect of incorporating a systematic error from the observations into this analysis we apply a seasonal, sys-
tematic random ¢ error of 0.1 W m ™2 um™! sr—!. This is incorporated as four additional parameters, one for each season,
that scale the SIF signal across the globe. We find that the inclusion of this systematic error has a negligible effect on posterior

uncertainties of the parameters. The difference in effective constraint between this sensitivity test case and the standard case

10 above is <1% for any given parameter.
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3.3 Uncertainty in GPP

To assess the constraint imposed by SIF on simulated GPP we compare the prior and posterior uncertainty in GPP as calculate
using Eq. 4. Similar to the assessment of parameter uncertainty reductions, to assess the effective constraint of SIF on GPP w
use a metric that measures the relative uncertainty reductiorfirom the prior to the posterior.

globe, with particularly large uncertainties in regions with high productisiyrightbeexpeetedFigure 4),This s tq be

in GPP is strongly reduced across the globe (Figure 5). The relative uncertainty reduction (Figure 6) appears to show smaller
constraint of uncertainty in the boreal regions, however this is because prior uncertainty is already relatively low (Figure 4).

To assess which parameters contribute to the uncertainty in GPP for the prior and posterior, we can conduct linear analysis of
the uncertainty contributions. Typically this technique can only be used for the prior as the correlations in posterior parameter
uncertainties, excluded from the linear analysis, also contribute toward the overall constraint. However, we can assess the
contribution of these correlations to the constraint of GPP by setting the off-diagonal eleméxts,into zero and using it
in Eq. 4; the difference between this and the standard case that uses g fullequates to the contribution of correlations.

We Pnd that the contribution of these correlations to the constraint of GPP is $ma)(16 PgCyr' 1 or <1%), thus we

can assume the linear analysis technique holds for the posterior as well. This Pnding is supported by the correlation analysis
in posterior parameter uncertainties which showed few signibcant correlations in parameters relevant for GPP. This result is
encouraging as it indicates that the parameters in a SIF assimilation system contributing most to the constraint of GPP are
capable of being resolved independently.

Using linear analysis of the uncertainty we Pnd that uncertainty in global annual GPP in the prior and posterior stems from
different processes. For the prior we see that the uncertainty in GPP is domina@éf9%t, by parameters describing leaf
growth processes. Of these, a single paramggerfor C3 grass, C4 grass and crop§() makes uB274% of the uncertainty
in global annual GPP. Parameters representing physiological processes account f&%botiprior uncertainty, most of
which stem from th&/.max parameters. Parameters foy, only account for 2.5% of the uncertainty.

For the posterior, which has a lower overall uncertainty in GPP, uncertainty is dominated by parameters representing physio-
logical processes. Physiological parameters accour3proo of the uncertainty in posterior annual GPP, Witlhax param-

for,30% The relative contribution by leaf growth parameters is reduce&é3é%, and for'&r to 2515%. ForCyp the relative
contribution is smaller than the prior &t351%. This shift in which parameters contribute to the relative uncertainty in GPP

13
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Figure 3. Annual observational uncertainty of SIF interpolated from GOSAT observations for 2010.
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Figure 4. Prior parametric uncertainty in annual GPP.

between the prior and the posterior demonstrates how effectively SIF constrains leaf growth processes. Uncertainties in phys-
iological parameters are constrained less than the leaf growth parameters which results in them contributing more in relative
terms to the posterior uncertainty of GPP.

Regionally, we split the land into three regions, the Boreal region (aboveN4$th), the Temperate North (3Go 45
North) and the Tropics (30South to 30 North). SIF constraint on annual GPP varies substantially across different regions of
the globe, with relative uncertainty reduction in of 48%, 82%, and 79% for the Boreal, Temperate North and Tropics regions,
respectively. In Figure 7 we show the contribution of parameter classes (leaf physiology, leaf growth, leaf composition and
canopy structure; see Table Al for details) to the parametric uncertainty of GPP across the year for each of these regions. Fron
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Figure 6. Relative uncertainty reduction (i.e. effective constraint) of parametric uncertainty in annual GPP from prior to posterior.

Figure 7 it can be seen that the Boreal and Temperate North regions exhibit seasonal differences in total uncertainty and in the
constraint SIF provides. This is caused by seasonal dependencies in the sensitivity of SIF and GPP to certain processes (e.(
leaf development versus leaf senescence) as well as seasonal differences in the density of observations in these regions. The
are far fewer GOSAT satellite observations during Boreal autumn and winter, thus there are fewer observations to constrain
processes controlling GPP during this time.

During the start of the growing season leaf physiology, in particular photosynthetic rate congétasts.(play a larger role
whereas later in the growing season during the warmest months leaf growth, via water limitation on legf'areadrasses,

plays a larger role. Therefore in the Boreal region, where the strongest seasonality in constraint is seen, from July through to
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January SIF constrains GPP by >60%. Uncertainty in GPP during these months is dominated by the leaf growth pgfameters
andk_ along withCy;, (for EvCn) all of which receive considerable constraint from SIF. From February to June however, SIF
constrains GPP by less than 50%, as a large proportion of the uncertainty arises from the less-coNstrainggrameters.
Following SIF constraint, uncertainty in Boreal GPP stems mostly from uncertainty in leaf physiology, particularly for the
EvCn PFT. Similar differences between seasonal constraint is seen for the Temperate North, although with a smaller seasona
variation in SIF constraint that ranges between 74% and 87% across the year.

For the Tropics uncertainty reduction in GPP is about 80% across the year. Uncertainty in the prior is dominated by the
leaf growth parameters and in particular the parameters controlling water-limited leaf area. SIF constraint is primarily
propagated through tHgy parameters onto GPP resulting in a well-constrained posterior Withrecertainty of 1.6 PgC yr-1
in annual GPP of the Tropics. Although moderate constraint is seen in the key PFT-specibc pargmettar the dominant

tropical PFTs (see Figure 1), in the posterior these parameters contribute to roughly 35% of the uncertainty in annual GPP.
3.4 Diurnal SIF Constraint

With this setup it is possible to test how the SIF-constraint on GPP might change with alternative observational times. Con-
sidering this, we test how the constraint on GPP changes when assimilating observations of SIF from alternative times of the
day, assuming the same number of observations and the same observational uncertainty as used above. From this we see tt
different observing times yield differences in the posterior uncertainty ane:théveeffectiveconstraint of GPP (see Figure

8). The constraint on global annual GPP when using SIF-observing times between 9:00 a.m. and 3:00 p.m. is quite similar, with

SIF observations at between 11:00 or 13:00, nearest to the peak in the diurnal cycle of both GPP and SIF.

We also test the effect of utilizing SIF measurements at multiple times of the day simultaneously. We select the times 8:00
a.m., 12 noon, and 4:00 p.m., replicating a theoretical geostationary satellite. For this experiment we prst test the effect of
increasing the number of observations by a factor of three, assuming the same uncertainty for the three observation times
Second, we also increase the number of observations by a factor of three, but scale the variance of these observations by on
third. Using this second test we can assess whether differences in parameter sensitivities of SIF and GPP at the different time:
of the day adds value in the overall constraint.

Using a diurnal cycle of observations results in a posterior uncertairﬁwg.G!PgCyr! L or atefativereductionef-81an
effectiveggnstrainof 76% as in Figure 8. This is an extra 2% constraint on the uncertainty in GPP compared with observations

pf §9% (Figure 8).
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3.5 Incorporating Uncertainty in Radiation

In order to assess the effects of incorporating uncertainty in SWRad we conduct three experiments. First is a control run,
equivalent to using SIF at 1:00 p.m. as before. Second includes uncertainty in SWRad by adding it into the posterior uncer-
tainty calculation, what might be done normally when accounting for uncertainty in forcing. Third is incorporating uncertainty
in SWRad into the error propagation system with SIF, such that itOs uncertainty may be constrained. This third experiment
effectively treats SWRad as a model parameter by adding an extra row and col@un to

Including the uncertainty in SWRad in the calculation of posterior uncertainty in GPP results in an additi&h@l03
PgCyr—! to the prior uncertainty in global annual GPP. This is a small effect relative to the parametric uncertainties. Moreover,
if we incorporate SWRad uncertainty into the error propagation system we see that this additional uncertainty is mitigated
by the SIF constraint. With SWRad uncertainty included, the posterior uncertainty in GPP remaif$ats5 PgCyr 1,
equivalent to the case without accounting for uncertainty in SWRad, in both cases resulting in a relative reduction of the GPP
uncertainty by78-672.%. This mitigation of the additional uncertainty from SWRad is possible because both SIF and GPP
are strongly sensitive to it, thus any constraint on SWRad from SIF is also propagated through to GPP.

By assessing the prior and posterior uncertainty in SWRadin,,. andCy,,_,, respectively, we can assess the effective
constraint following use of SIF in the error propagation system. We bnd that SIF constrains the SWRad uncertainty by about
282%%. This gain in information on SWRad naturally results in less information being available for other parameters. The
relative uncertainty reduction for most parameters decreaséssbg few percent. For example moSt, parameters see
a decrease igffective constraint of around 1%andPveof-theandVemax parameterdetweend5-up to 3%. With GPP
exhibiting low sensitivity toC,, parameters and strong sensitivity to SWRad, the transfer of informationGegrto SWRad
results in an overall mitigated effect of SWRad uncertainty on GPP.
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Table 2. Parametric uncertainty and effective constraint for each of the SWDown experiments. Prior and posterior values shown are the one
standard deviation () uncertainty in global annual GPP.

Experiment Prior GPP| Posterior Effective Con-

(PgCyr' 1) | GPP straint
(PgCyr' 1)

Control
13.04 279515 | 7852.%
4903

Control+SWRad
1305 2:87529 | 78:6472.2%
hP-04

With SIF Constraint
13.05 2:805,15 | 785772.9%
904

4 Discussion

The results presented show that with one year of satellite SIF data observed at the GOSAT and OCO-2 satellite overpass
time and SIF retrieval wavelength we can constrain a large portion of the BETHY-SCOPE parameter space and ultimately
yieldsyield a parametric uncertainty in global annual GPP£o2-85.2 PgCyr' 1. The parametrigyncertaintyjn, the prior

IS, ARRroximately] 29,0 ...th(% global ﬂnnualGPF,?.andmllowmg,,th% ﬂ‘dd'tlon.Pqu' ,,,J,mfprmatlon,thls, ..rﬁduceqtq..abouxﬁ%

prior. Although thls data-driven constraint is model dependent Atdshkimproved on the often-reported uncertainty+o®
PgCyr' * from the empirical-model-based upscaled produc.of

We note that our analysis is an underestimate of the constraint, as it is performed with relatively low-resolution observations.
With the use of higher resolution observations such as those from OCO-2 the constraint will get stronger. Similarly, with a

longer time-series of data there will be stronger constraint. This occurs because the number of observations increases while th

number of parameters remain constakie-
yve .P”Ql.ﬁha';the..! 7in .Fhe prior,casgis, 9'059110,.'{h egptimalyalugof gne. .Tl'h'S RE pwdemwdencq;hatthq ranggof pgssible

be negllglble because, for a given season, thls systematlc uncertainty applies across all data points and may act to scale a
SIF values and therefore the sensitivities as well. In any easghe systematic error in the zero-level offset corrected data
assessed here (Appendix Figure 10) appears small.

19



10

15

20

25

30

35

The constraint on global GPP is similar when assimilating SIF at any time between 9:00 a.m. and 3:00 p.m.. Assimilating
observations at the daily maximum of SIF and GPP provides the strongest constraint as both quantities exhibit the strongest
parameter sensitivities at these times. Depending upon the state of the vegetation and the environmental stress conditions
maximum SIF and GPP may occur anywhere between mid-morning and early afternoon. Therefore, we expect that effective
use of different satellite-retrieved SIF observations for assimilation studies will depend not so much on their observing time
but more on the spatiotemporal resolution, measurement precision, and subsequent uncertainty.

A confounding factor to this expectation is the uncertain role of physiological stress on the diurnal cycle of SIF and GPP
and subsequent modeling capabilities of these processes. Multiple studies have shown that various forms of environmental
stress result in downregulation of PSII and changes in the Buorescence vyield, particularly evident across the diurnal cycle
(????7?9. By ingesting SIF observations at multiple times of the day we hypothesized that there could be improvements in
the overall constraint on GPP as the SIF observations would capture the vegetation in different states of stress. We saw only
minor improvements in the constraint and less constraint if we assumed no additional information in the observations (i.e.
with scaled uncertainty). Thus, the difference in model parameter sensitivities of SIF and GPP at other times across the diurnal
cycle were not sufbcient to add value to the constraint. Additionally, the constraint is worse with these scaled observational
uncertainties as we are effectively removing some useful observational information at midday, which is the most sensitive time
of day, and getting extra observational information at the lower-sensitivity times of 8:00 a.m. and 4:00 p.m.. This is likely due
to limitations of the model. Although BETHY-SCOPE simulates light-induced downregulation of PSII, there is no mechanism
present to simulate other forms of stress that might be expected to emerge across the diurnal cycle. However, even with a perfec
model, the spatial footprint and spatiotemporal averaging of satellite observations may smooth over stress signals. Considering
these factors, there is no technical reason, other than computational requirements, why a data assimilation system such as th
could not ingest individual soundings of SIF observations to remedy the problem.

The constraint of SIF on GPP occurs via multiple processes including leaf growth, leaf composition, physiology, and canopy
structure. For the prior, uncertainty in global GPP is dominated by leaf growth processes. There is a clear and direct link
between leaf growth processes and GPPas the dynamics of leaf area inBuences canopy APAR which in turn strongly
inBuences GPP. Leaf growth parameter uncertainties are relatively large in the prior, with coefpbcients of variation up to 50%. It
is perhaps no surprise then that these parameters project a large uncertainty onto GPP. Regardless, both GPP and SIF respo
similarly to the leaf growth parameters so information from observations of SIF can provide direct constraint on GPP in this
way. Many leaf growth parameters, particularly for grasses, crops, and deciduous trees and shrubs, receive constraint of >40%
from SIF thus the overall contribution of leaf growth parameters in the posterior is considerably reduced.

Of particular importance is the parameter describing water limitation on leaf growth vhich accounts for about 80%
of the prior uncertainty in global GPP. Model SIF and GPP are highly sensitive to this parameter hence there are large values
in H andHgpp pertaining to!yy . This relates to the model formulation as many of the leaf growth parameters determine
phenological processes such as temperature or light dependent growth triggers (i.e. temporal evolution of leaf argg), while
is the only process parameter controlling leaf area other than intrinsic maximuni). AP). Additionally, as we assume little

prior knowledge fott y (i.e. it is highly uncertain) it projects a relatively large uncertainty onto GPP.
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At the global scale! for crops, C3 grasses and C4 grass¢d ) is particularly important. Combined, these three PFTs
cover about 47% of the land surface and accouréjrstgver50% of global annual GPP in the present model setup. Although
this contribution to global GPP may seem high, it is based on the prior estimate. In a recent sShwdlydrg atmospheri€O,
concentration and SMOS soil moisture were assimilated into BETHY, the posterior valyg fehifted approximately three
standard deviations away from the prior, the result of which would have been a large change in the GPP of these PFTs. This
exposes a limitation to the present study as we can predict and quantify how SIF will constrain the uncertainty of process
parameters and GPP, but we cannot predict how their values will change.

The constraint SIF provides on leaf growth processes is also perhaps achievable from other remote sensing products such &
FAPAR (e.g.?). A direct comparative study would be required to assess the advantages and disadvantages of each observationa
constraint. Nevertheless, issues arise with these alternative observations when observing dense 2poopiegetation
with high photosynthetic rates such as crops as they are near satutimfqrmation on maximum potential LAIF) and
parameters pertaining to understorey shrubs and grasses are therefore alsofyimiesirong benebt of SIF is that it shows
minimal saturation effects (e.g), especially beyond 700 nm where most current satellite SIF measurements are made.

The strong constraint SIF provides on leaf growth processes indicates that it is likely to provide improved monitoring of
key phenological processes such as the timing of leaf onset, leaf sensescence and growing season length. This will be highly
useful in interpreting results from a full assimilation with SIF as the posterior process parameter values can be compared with
independent ecophysiological data, taking consideration of spatial scale issues.

Beyond observing LAl dynamics SIF can also provide critical insights into physiological processé3.(élg see here that
SIF provides weak to moderate constraint on a range of physiological parameters, including up to 30% consfaigt on
parameters. The limited constraint on these parameters results in the posterior being dominated by uncertainty in the parameter
representing physiological processes. This is in line ®ittho found limited sensitivity of simulated SIF ¥max . We note
that under certain conditions, where other key variables are well known, SIF can be used to ¥&ffigvé€?). The ability
of SIF to inform on physiological processes at all will provide researchers with a powerful new insight into spatiotemporal
patterns of GPP. As was shown Bwand? this is particularly important for evergreen vegetation as changes in photosynthetic
activity are not always ref3ected by changes in traditional vegetation indices.

Chlorophyll content here constitutes a classic nuisance variable. A nuisance variable is one that is not perfectly known,
impacts the observations we wish to use but not the target varidpléldwever, exploiting the well-documented correla-
tion between leaf nitrogen contefgmax , andCg,, may help curtail this problen?@). ? demonstrated that by including a
semi-mechanistic relationship between these variables in the Community Land Model and using satellite-based estimates of
chlorophyll to deriveVemax , there is signibcant improvement in predictions of carbon Buxes over a beld site. Implementing
such a semi-mechanistic link in a data assimilation system would enable the strong constraint that SIF pr&vigés faed
more directly onto GPP. However, in this study it is assuBgdandV.max can be resolved independently which may not be
the case considering ecophysiological studies have shown the two parameters are commonly correlated.

Almost all terrestrial carbon cycle models use down-welling radiation at the EarthOs surface as an input variable. Any uncer-

tainty in this forcing will translate into uncertainty in carbon RBuxes including GPP, and few studies consider such uncertainties.
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A known systematic error in forcing variables (e cannot be considered in the present error propagation system, however,

in such a case a correction to the data should be performed as it will bias carbon RBux estimates. For random errors that canno
be removed however, they may be considered in the uncertainty of carbon Bux estimates using error propagation. At the global
scale,? used a perturbation study, along with modeled irradiance and remotely sensed measurements to compute a randon
error () of 122Wm' 2 for monthly gridded downward shortwave radiation over the land. We considered this uncertainty by
incorporating it into the error propagation system with SIF. While including this forcing uncertainty in the prior increases the
mitigates the downstream effect on GPP. SIF can therefore provide useful information on the SWRad forcing via a data assim-
ilation system. The consideration of uncertainties in forcing variables such as SWRad on terrestrial carbon Buxes is important
when estimating the uncertainty in GPP. However, the effect on uncertainty in GPP may be strongly reduced by using SIF
observations.

The results presented here demonstrate how SIF observations may be utilized to optimize a process-based terrestrial bio
sphere model and constrain uncertainty of simulated GPP. These results are, however, model dependent. The assumption is th
the model simulates the most important processes driving SIF and GPP. Some key, remaining unknowns include how processe
such as environmental stress, 3-dimensional canopy structure effects, or nitrogen cycling may affect the SIF signal. As better
understanding is developed on the role that these processes play, modeling capabilities will also be improved. Additionally,
a different set of prior parameter values will alter the results due to changes in the Jacobian. Use of prior knowledge, based
on ecophysiological data and its probable range, is critical to curtail this problem. The choice of how to spatially differentiate
the parameters will also affect resul®.(Selecting an optimal parameter set that has the fewest degrees of freedom, yet pro-
vides the best bt to the observational data is outside the scope of this study however. Implementation of a parameter estimatiol
scheme in a full data assimilation system with SIF and other observational data will help address these challenges. Earlier work
by ? demonstrated that the model can simulate the patterns of observed satellite SIF quite well, indicating the model can ingest
the data. Further work will be needed to assess how well the model can simulate patterns of SIF with an optimized, realistic

parameter set.

5 Conclusions

We assessed the ability of satellite SIF observations to constrain uncertainty in model parameters and uncertainty in spa-
tiotemporal patterns of simulated GPP using a process-based terrestrial biosphere model. The results show that there is stron
constraint of parametric uncertainties across a wide range of processes including leaf growth dynamics and leaf physiology
when assimilating just one year of SIF observations. Combined, the SIF constraint on parametric uncertainties propagates
through to a strong reduction of uncertainty in GPP. The prior uncertainty in global annual GPP is redidéééifbym-13-0
Zg%!fﬁom!!;lrg.QPgCyr! 1to 2:85.2 PgCyr' 1. Although model dependent, this result demonstrates the potential of SIF obser-
vations to improve our understanding of GPP. We also showed that a data assimilation framework with error propagation such

as this allows us to account for uncertainty in model forcing such as SWRad. Surprisingly, by including it into this framework
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with SIF observations there is a net-zero effect on uncertainty in GPP due to the sensitivity of both SIF and GPP to radiation.

This study is a crucial brst step toward assimilating satellite SIF data to estimate spatiotemporal patterns of GPP. With the
addition of other observational constraints such as atmosp8€rjcconcentration or soil moisture there is also the possibil-

ity of accurately disaggregating the net carbon RBux into its component Ruxes, GPP and ecosystem respiration. Indeed, with
these additional, complementary observations of the terrestrial biosphere further constraint could be gained as other regions o
parameter space can be resolved (

6 Code availability

The BETHY-SCOPE model code is available in the repository at https://github.com/NortonAlex/BETHY-SCOPE-Interactive-Phe
The GOSAT satellite SIF data used in this paper is from the ACOS project (version b35).
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Appendix A
Al Model Process Parameters

Table Al. BETHY-SCOPE process parameters along with their prior and optimized uncertainties following SIF constraint, represented as
one standard deviation. Relative uncertainty reduction (i.e. effective constraint) is reported for the error propagation with low-resolution and

s 1 arv-ay,va,ANdAR, v, dimensionlessatiargtios activation

high-resolution SIF observations. Units aknax , HMol(CO2) m' # s *; asv-ay, v,,anda;
energieEK ¢ andK o, bar; F,m* m' %, T, ,"C; Tr, " C; tc, hoursit,, hours;!, d' *; k., d' *; "w, days;Can, pg cm' ?; Cam , g cm’ %;

Csm , dimensionless fraction; hc, m; leaf width, m.

Class | # Description Parameter Prior Prior Effective
Mean Uncertainty | Constraint
(%)
1 Vemax  (TFEV) 60 12
2 Vemax (TrDec) 90 18
3 Vemax (TmpEV) 41 8.2
17:80.3
4 Maximum Vemax  (TmpDec) 35 7
> carboxylation rate 6-4<50.1
8 5 at 25C Vemax (Ean) 29 58
- <6:10.3
) 6 Vemax (DecCn) | 53 106
2 <0.1
>_ !
T 7 Vemax (EVShr) 52 10.4
" 251213
E 8 Vemax (DecShr) 160 32
- <6:40.2
9 Vemax  (C3GF) 42 8.4
10 Vemax  (CAGr) 8 1.6
28.328.5
11 Vemax  (Tund) 20 4
6:10.5
12 Vemax  (Wetl) 20 4 <0.1
13 Vemax  (Crop) 117 234
10-76.0
14
Ratiopf Memax {0, \emax , agv—(FFEV)vo ve | 396,22 | 0-098 <0.1
9”0022
15
a- - {(TrDec) 1.99 0.0995 | Ev, ag,v. 58520 2926 76—29
1t6—av—FmpEw200 0,013 00015 Activation
e 25 energy—for




T: (4,8,13) 2 0.1
42 Spatial range (1) of T, 2.9
T 4
E T, (5,6,11) 2 0.1
o | ™ 0.90.8
o 5
K
L Tr (9,10,12) 0.5 0.1
< 45 10:29.6
LIJ o
- 26
Day length at leaf shedding | tc (4-6,8,11) 10.5 0.5
46 333321
27
Spatial range (1) of t¢ tr (4-6,8,11) 0.5 0.1
47 +5].4
78
Initial linear leaf growth 0.5 0.1
48 20:120.0
29
|  loat | " k. (2,4,6,89,10, 0.1 0.05
nverse of leaf longevi
49 geny 12,13) 60-258.5
30
k. (5,11) 3e-3 0.5e-3
50 12:011.2
Bl
#y (1,3,7) 180 60
51 Length of dry spell 56.456.9
32 before leaf shedding
#y (2) 90 30
52 35:83/7.9
33
#v (9,10,12,13) 30 15
53 64:864.6
24
Cab (TrEV) 40 20 7.4
54
35
Cab (TrDec) 15 20
P 55 61-260.7
= 6
0 Can (TMpEV) 15 20
8 56 Chlorophyllab content 32.831.3
= 37
8 Cab (TmpDec) 10 20
Lo 26 70:569.7
w 78
-
Cab (EVCn) 10 20

74 2373 8
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Figure 9. An example of the GOSAT SIF data and uncertainty calculations over a low-resolution model grid cell centered over the Amazon
forest at 3.75S and 65W. Grey lines show individual 3] 3jGOSAT grid cells. Black lines show the aggregated data for the 17.5;
10jmodel grid cell. Bottom right shows the calculated uncertainty (standard deviation) at the model grid resolution in black, blue and green.
The black line is the standard error calculated using Eq. 5; the blue line is the standard error calculated using Eq. Al; the green line is the

same as the blue but scaled by to account for correlated errors which is used in this study.

A2 GOSAT SIF Uncertainty Calculations

To get the variance of a target grid cell at the model grid resolution (ylat,xlon) we Prst determine the area-weighted variance
of each GOSAT grid cell (ilat,jlon) within that target grid cell. The area-weighting per GOSAT gridk@la@at,“on ) is
calculated as the area divided by the total area of the target grid cell. This enables us to account for different grid cell sizes
considering SIF is in physical units per unit area. We then sum the area-weighted variances and scale this uncertainty by the
square root of two (see equation 5). Scaling the uncertainty in this way effectively doubles the variance in an independent
dimension.

!ilat,xlon = é (A@aﬁat,jlon é!i%at,jlon ) (Al)
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Figure 10. Analysis of systematic errors in the GOSAT SIF observations. We assess the zero-level offset corrected GOSAT SIF soundings
over two ice-covered and therefore non-Buorescent regions. The brst is Antarctica in January, between latBuded0and longitudes

75 W to 155 E. The second is central Greenland in July, between latitudds %880 N and longitudes 30N to 52 W. With no systematic

error the meany() value of the distribution should be on zero.

A3 Systematic Error in GOSAT SIF Observations
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