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Abstract. Canopy structural and leaf photosynthesis parameterizations such as maximum carboxylation capacity (Vcmax)s
slope of the Ball-Berry stomatal conductance model (BBgqp,e) and leaf area index (LAI) are crucial for modeling plant phys-
iological processes and canopy radiative transfer. These parameters are large sources of uncertainty in predictions of carbon
and water fluxes. In this study, we develop an optimal moving window non-linear Bayesian inversion framework to use the
Soil Canopy Observation Photochemistry and Energy fluxes (SCOPE) model for constraining Vemax, BBsiope and LAI with
observations of coupled carbon and energy fluxes and spectral reflectance from satellites. We adapted SCOPE to follow the
biochemical implementation of the Community Land Model and applied the inversion framework for parameter retrievals of
plant species having both the C3 and C,4 photosynthetic pathways across three ecosystems. We present comparative analysis
of parameter retrievals using observations of (i) Gross Primary Productivity (GPP) and Latent Energy (LE) fluxes and (ii)
improvement in results when using flux observations along with reflectance. Our results demonstrate the applicability of the
approach in terms of capturing the seasonal variability and posterior error reduction (40-90%) of key ecosystem parameters.
The optimized parameters capture the diurnal and seasonal variability in the GPP and LE fluxes well when compared to flux
tower observations (0.95 > R? > 0.79). This study thus demonstrates the feasibility of parameter inversions using SCOPE,
which can be easily adapted to incorporate additional data sources such as spectrally resolved reflectance and fluorescence and

thermal emissions.

1 Introduction

Terrestrial ecosystems play a very important role in regulating the carbon exchange over land surfaces(Schimel, 1995; Falkowski
et al., 2000). Although they are known to be important sinks in buffering the increasing anthropogenic CO5 emissions (Friedling-
stein et al., 2006; Sitch et al., 2015), there is a large variability and heterogeneity in the carbon exchange mechanisms which
are tightly correlated with inter-annual climatic variations (Cox et al., 2013; Liu et al., 2017). Moreover, terrestrial ecosys-
tems also control the exchange of energy, water and momentum between the atmosphere and the land-surface, thus regulating
climate-ecosystem (carbon) feedbacks leading to amplification or dampening of regional and global climate change (Heimann

and Reichstein, 2008). Measurements and modeling of carbon and water vapor fluxes over terrestrial ecosystems are there-
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fore important to better understand these issues and account for the regional and global carbon and water budgets (Baldocchi
et al., 1996, 2001; Sitch et al., 2003, 2008). Terrestrial ecosystem models have been used to study the carbon and water fluxes
(McGuire et al., 2001; Sitch et al., 2003; Cramer et al., 2001; Kucharik et al., 2000), however there are large uncertainties in
fluxes associated with poorly quantified model parameters (Wramneby et al., 2008; Pappas et al., 2013; Knorr and Heimann,
2001; Zaehle et al., 2005; Rogers et al., 2017). Some of these parameters have temporal and spatial variability and are hard to
measure directly over large scales (Simioni et al., 2004; Wilson et al., 2000; Dutta et al., 2017). For the majority of model im-
plementations these parameters and their temperature dependence are represented as a single constant value according to plant
functional types with little or no seasonal variability. In this study, we present an inversion approach which can be implemented
with ecosystem models involving canopy physiological processes to better estimate the seasonal variability in photosynthesis
and canopy structural parameters, which in turn can reduce the uncertainty in estimation of carbon and water fluxes over
ecosystems.

The micrometeorological data from flux towers is extremely useful in understanding the biogeochemistry and thermodynam-
ics of ecosystems (Baldocchi et al., 2000; McGuire et al., 2002). A number of approaches have been developed to model and
estimate photosynthesis, respiration, energy balance, stomatal behavior, radiation transfer and turbulent gas exchange across
the plant canopy on the basis of data from flux tower experiments (van der Tol et al., 2009; Running and Coughlan, 1988; Ole-
son et al., 2010). Detailed canopy models are often resolved into multiple layers, thus providing a better treatment of radiation
regime and energy balance across the canopy (van der Tol et al., 2009; Wang and Leuning, 1998; Dai et al., 2004). At the heart
of these models lies the leaf level biochemical model of photosynthesis and carbon fixation (Farquhar et al., 1980) together with
a stomatal conductance (most often the widely used Ball-Berry) model (Collatz et al., 1991b). The fluxes of carbon and water
are tightly coupled through stomatal regulation and photosynthesis (Baldocchi, 1994; Collatz et al., 1992). Further, the process
based canopy models require some environmental drivers such as incoming shortwave and longwave radiation, air temperature,
relative humidity, wind speed, and ambient CO4 concentration, along with a number of leaf and canopy parameters to simulate
the fluxes of carbon in terms of gross primary production (GPP), flux of water or latent energy (LE), sensible heat (H), net
radiation and others.

One of the most important ecosystem descriptors is the maximum rate of carboxylation (Vcmax), Which is directly related
to the concentration of the enzyme Rubisco. V.max 1S @ key parameter in the Michaelis-Menten kinetics for an enzyme-
catalyzed reaction of the substrates CO5 or O with ribulose-1,5-bisphosphate, representing the enzyme-limited photosynthesis
rate (Farquhar et al., 1980). Other rate-limiting photosynthesis parameters such as maximum electron transport rate (Jy,ax)
are generally parameterized with respect to Vemax. The Ball-Berry equation calculates the stomatal conductance (gs) for
water vapor as a function of net assimilation, relative humidity, leaf surface CO, concentration, minimum conductance and
a proportionality constant called the Ball-Berry slope (BBgope) (Ball et al., 1987; Wullschleger, 1993; Beerling and Quick,
1995; Tanaka et al., 2002). The BBgjope plays a crucial role in regulating the stomatal conductance and water use efficiency, and
thus the surface energy fluxes in terms of partitioning the turbulent energy into LE and H fluxes. Thus, it is a crucial parameter
regulating the tradeoff between carbon gain and water loss, e.g. during drought conditions (Monteith and Unsworth, 2007).

The Leaf Area Index (LAI) is a canopy structural and key ecosystem variable in most Terrestrial Biosphere Models, which
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determines interception of radiation as well as photosynthesis and energy exchange across the canopy (Chen et al., 1997). Th
parameters Mnax and BBjope Can be determined experimentally from leaf level gas exchange measurements and generated
A-C; curves (Wullschleger, 1993; Tanaka et al., 2002; Xu and Baldocchi, 2003). LAI can be estimated from destructive and
non-destructive optical methods (Myneni et al., 1997; Dutta et al., 2017; Chen et al., 1997), as well as inversion approaches
on spectrally resolved re ectance data from satellite and airborne platforms (Houborg et al., 2007; Jacquemoud et al., 1995).
However, these measurements are much more complex and labor intensive, being measured less frequently than ux towel
observations.

Inversion of detailed process-based models using observations of carbon and energy uxes could thus yield these key ecosys
tem parameters. Process based models such as the Soil Canopy Observation, Photochemistry and Energy uxes (SCOPE
(van der Tol et al., 2009) can simulate the radiative transfer and the uxes of carbon and energy vertically resolved within
the canopy. Our hypothesis is that the inversion of detailed vertically resolved canopy model such as SCOPE with multiple
layers consisting of sunlit and shaded fractions together with fully spectrally resolved radiation regime and energy balance
computations (van der Tol et al., 2009) is able to retrieve the ecosystem parameters accurately using observations of carbor
and energy uxes, and in the future remote sensing data, as SCOPE can model the spectrally resolved short-wave re ectance
thermal emission and solar induced chlorophyll uorescence.

A few studies have used inversion approaches to extract ecosystem parameters from ux (Reichstein et al., 2003; Schulze
etal., 1994) and refectance (Quaife et al., 2008) measurements but not yet to constrain all three key paramgteBB8Mpe
and LAI) simultaneous using the uxes of water and carbon. A previous study by Wolf et. al (Wolf et al., 2006) used deter-
ministic linear least-squares inversion method to estimate the key ecosystem paramgigrs&Bsiope , LAl and respiration
rate) using the net ecosystem exchange (NEE) and sensible and latent heat uxes. The approach assumed a simple model «
radiation driven photosynthesis, respiration and energy balance using a two component (sunlit and shaded) canopy. The opti
mization used total energy (H+LE) to t LAl values, the NEE to t¥ax and respiration rate and energy difference (H-LE) to
t BB siope. IN comparison to deterministic approach, stochastic Monte-Carlo approaches (Knorr and Kattge, 2005; Xu et al.,
2006; Ricciuto et al., 2008; Mackay et al., 2012) constrain a number of parameters (including the photosynthetic parameters)
using eddy covariance observations but assuming them to be time invariant. These studies considers multiple temporal resolu
tions such as seasonal or half-yearly and present a range of parameters without providing a de nite error characterization as
Bayesian methods (Wu et al., 2009). Moreover, since the stochastic methods sample the probability distribution in parameter
space, they are better suited to non-linear models but often the associated computational costs can be prohibitive.

In this study, we develop an inversion framework for estimating the temporal dynamics of key ecosystem parameters using
the SCOPE model representing detailed plant physiological processes including Sun Induced chlorophyll Fluorescence (SIF).
SIF is chlorophyll re-emission during photosynthesis and acts as a direct probe into photosynthesis measurable from space an
is strongly correlated with ux based GPP estimates at canopy to ecosystem scales (Frankenberg et al., 2011; Flexas et al.
2002). Thus, the SCOPE based inversion approach has the exibility and advantage of incorporating tower-based observations

of uxes including SIF as well as spectrally resolved re ectance and thermal emissions for optimal estimation of a wide range
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of ecosystem parameters. In this paper, we rst focus on the conceptual framework of parameter inversion using SCOPE

followed by parameter retrieval examples, with speci ¢ objectives as follows:

1. Implementation of photosynthesis model and its temperature dependencies consistent with a well-accepted major Eartt
system model (Community Land Model CLM 4.5) in SCOPE.

2. Development of a Bayesian non-linear inversion framework using SCOPE to estimate ecosystem parameters using eddy

covariance ux observations.

3. Demonstrating the retrieval and posterior error reduction of key ecosystem parameters using (i) observations of carbon
and water uxes and (ii) combining ux observations together with satellite re ectance across different ecosystems.

The rest of the paper is organized as follows. Section 2 provides a brief overview of the SCOPE model and the new im-
plementation of photosynthesis and its temperature dependencies. Section 2.2 provides a comparison of the old and nev
photosynthesis implementations in SCOPE. Sections 3, 4 and 5 describes the formulation of the inverse problem followed by
linearization of the forward model and mechanisms of the retrieval algorithm. Section 6 describes the results of the inversion
framework across three different ecosystems and nally Section 7 provides a discussion summary and conclusions.

2 SCOPE Model

The Soil, Canopy, Observation, Photochemistry and Energy uxes (SCOPE) (van der Tol et al., 2009) is an integrated 1-
D vertical radiative transfer and energy balance model. The model utilizes the spectrally resolved visible to thermal (0.4 to
50 m) infrared irradiation at the canopy top to derive the uxes of water, energy, carbon dioxide and vertical pro les of
temperature as a function of canopy structure and weather variables. The four most important SCOPE modules represent (i
radiative transfer of incident solar radiation and generated uorescence within the leaf (Fluspect), (ii) radiative transfer of
incident direct and indirect solar radiation (0.4 - 5), (iii) radiative transfer of internally generated thermal radiation by
vegetation and soil (Verhoef et al., 2007), (iv) an energy balance module and (v) radiative transfer module for computing
the top of canopy radiance spectrum of uorescence from leaf level chlorophyll uorescence. SCOPE resolves top of canopy
incoming/outgoing shortwave radiation and re ectance in the spectral range of 400 to 2500 nm at 1nm wavelength bands.
Further, it also computes the spectrally resolved uorescence emission in the range of 650 to 850 nm at 1nm wavelength bands.
One important aspect is that SCOPE relaxes the assumption of constant temperatures for the sunlit and shaded fractions c
the leaves across the different canopy layers. This is true when we consider different orientations, and their vertical positions in
the canopy. Therefore, an iterative solution scheme is implemented in SCOPE as stomatal conductance affects leaf temperatur:
which in turn affects photosynthesis (and thus again stomatal conductance). Thus, the fully integrated thermal radiative transfer
and energy balance modules allow feedback between leaf temperatures, photosynthesis, chlorophyll uorescence, and radiative

uxes.
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2.1 The SCOPE Biochemical Module

The SCOPE biochemical module is a submodule of the energy balance routine, which provides an iterative solution of the
photosynthesis, energy balance, net radiation and heterogeneous skin temperatures for a particular net external forcing. Th
main functions of the biochemical module include leaf temperature dependent computation of photosynthesis and uorescence.
Some of the photosynthesis parameterizations in the current version of the SCOPE model (V1.7) are outdated and more
in line with previous versions of the Community Land surface Model (CLM version 4) or based on a mix of other model
implementations. CLM is a community-developed land model which focus on the modeling of land surface processes including
biogeophysics, carbon cycle, vegetation dynamics and river routing. Speci cally, the main modi cations in the more recent
CLM (version 4.5, CLM4.5) (Lawrence et al., 2011; Oleson et al., 2013) include updates to the canopy radiation scheme
and canopy scaling of leaf processes, co-limitations on photosynthesis, revisions to photosynthetic parameters (Bonan et al.
2011), temperature acclimation of photosynthesis and improved stability of the iterative solution in the photosynthesis and
stomatal conductance model (Sun et al., 2012). CLM4.5 implements a multi-layer canopy modeling framework with coupled
photosynthesis (Farquhar et al., 1980) and Ball-Berry stomatal conductance models similar to the SCOPE framework.

The main inconsistencies of SCOPE (V1.7) with the CLM4.5 parameterizations are as follows:

1. Similar, generic temperature response functions are implemented for pattd@, species exceptingMax and further
it uses @10 based exponential function with same functional parameters for computing the temperature response of the
various photosynthetic parameters.

2. There is nodax (Maximum potential electron transport rate (ETR)) or its temperature dependence in the computation
of light limited C3 photosynthesis rate.

3. The net assimilation, internal G@oncentration and stomatal conductante (C; gs) iterative solution method is not
quite robust or was lacking in the previous versions with the V1.7 implementation being complicated and unpublished.

We therefore attempt to improve the SCOPE biochemical module by implementing the photosynthesis and temperature
dependence of the photosynthetic parameters according to well established and widely used CLM4.5. All the detailed imple-
mentation steps and equations for modeling the photosynthesis and temperature dependence primarily as per (Bonan et al
2011) is presented in detail in the appendix A and B. Within the inverse framework described later, we only igyeraty
the reference temperature of 25° and apply the given temperature dependencies. Any systematic difference in the temperatur
function could thus alias into the derived}ix . Overall, the major new updates made to the model (biochemical module) are

as follows:

1. Computing the electron limited photosynthesis rafeusing the potential ETR, which is obtained by solving the
smaller root of equation A5 comprising the light utilized in photosystemidk( ) and the maximum potential ETR
(Jmax )-

2. The light limited photosynthesis rate foj & given by equation A3.
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3. The temperature dependence of photosynthetic parameters (Bonan et al., 2011) now uses the activation, deactivatior
energies and entropy terms in the temperature response and high temperature inhibition functions (Leuning, 2002) (see
appendix B for details). The temperature response;afL€uning, 2002; Bernacchi et al., 2001) angl ihotosynthesis
is represented by equations B1 - B5.

4. Finally we also incorporate a new simpli ed implementatiorfof C; s iterations (Sun et al., 2012) and include the
computation of oxidative photosynthesis (Bernacchi et al., 2001) within the photosynthesis model. See appendix B1 for

details.

In the following section, we demonstrate the photosynthesis results with the newer photosynthesis and temperature depen
dence implementation as well as its comparison with the previous version (V1.7) in SCOPE for different ecosystems.

Figure 1. Temperature response functions af¥ for Cs (left) and G (right) plants. For the €species the mean andl variability
(shown as broken black lines) in the net temperature response is computed using data presented in (Leuning, 2002) is shown in the left panel
The temperature range corresponding to maximuwmay response for both thesCand G pathways is between 30-4@. The overall

temperature response from the previous version (V1.7) is shown as brown dashed line.

2.2 Comparison of Current and Previous Photosynthesis Implementations in SCOPE

Figure 1 shows the temperature response functions fgg/for both G (left) and G (right) photosynthetic pathways. The
functions of mean temperature response, high temperature inhibition add tregiance as per the different photosynthesis
pathway dependent parameterization (e.g. activation energy, deactivation energy, entropy) is shown according to Leuning
(2002). The new temperature dependency parameterizations follow the temperature functions and high temperature inhibition
for Cz and theQio functions for the G pathways. We have also shown the temperature dependencg,gf ¥fom the

previous (old) implementation of SCOPE model (V1.70). The differences in the net response at both lower and higher than



optimal temperature can be clearly identi ed in the gure for bothahd G species. It can be observed that the difference in

temperature response is more far,Clearly the maximum is in the leaf temperature raBge 40 C, however it continues into

the higher temperatures as well. Moreover, it can be noted that the overall shapes of the response functions are nearly identice

(with some lag) for the different parameters for the previous SCOPE implementation compared to the newer implementation
5 as per CLM4.5 (Bonan et al., 2011).

Figure 2. Figure showing the ratio of old and new SCOPE GP&6 = %PPF;“;:V ) simulations as a function of PAR, canopy temperature

and VPD for the @ species. The Missouri Ozark uxnet site comprising of deciduous broadleaf forests for the year 2009 is used and the
SCOPE simulations are driven with identical forcings and parameters for both the new and old simulations, the only difference being the
implementation of Photosynthesis and its temperature dependence (see text). The left colunigshoasa function of PAR and canopy
temperature with data points in the low VPD range of 10-15 hPa (panel-a) and high VPD range of 25-30 hPa (panel-b). The right column
showsf gpp as a function of PAR and VPD with data points in the low temperature range of 1@-{panel-c) and moderate temperature

range of 25-30 C (panel-d).

A number of analyses were performed to study the differences in net response of canopy level carbon and energy uxes for
both G and G species from the SCOPE model due to modi cation in photosynthesis implementation (old and new) and its

temperature dependence [see supplementary information Sec S1.]
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Figure 2 shows the comparison between the old and new SCOPE versions as the ratio of overall canopy GPP, which is

GPP new
GPP o4

canopy temperature and VPD. The results for the Missouri Ozark site (see section 6.4.1 for site detailg)phtit Species

de ned asfgpp =

. This ratio is further represented as a function of the three most important forcing variables PAR,

for the year 2009 are presented in Fig. 2. For this analysis, the SCOPE model simulations are computed for the entire growing
season and thegpp values are binned according to the PAR-Temperature (for speci ¢ VPD ranges) and PAR-VPD (for

speci ¢ temperature ranges) as 2-D histograms, of which only the nfeap (... ) is represented in gure 2.

We nd that over the larger parts of the domain of random varialflesr is around 1 and the maximum change in overall
GPP is around 25%. From Figure 2, it can be observed that in the casespiCies, for the combinations of higher canopy
temperature and low VPD values (panel-a), the new GPP values remain the same or are reduced by about 5%. Although from
Fig. 1 we nd an increase in the Miax response at 25 C temperature, which may indicate photosynthesis being limited by
light instead of the enzyme rubisco. For the combination of low canopy temperature and lower VPD values (fapel-c),
values are close to 1 (except for very low PAR/VPD values and with a maximum of about 4-6% increase) which can be ex-
plained by almost identical Max response at lower temperatures in Fig. 1. At high PAR values with higher temperatures
(25-30 C) and low VPD values (panel d) we nd that GPP increases by about 6-14% which can be directly explained by the
new increased ¥hax response in that temperature range as indicated in Fig. 1. The results for a similar comparative study with
C,4 species is presented in the supplementary information Section S1. Overall, we nd that the new model implementation of
photosynthesis and its temperature dependence as well & iterations works well and only result in moderate, yet notice-
able changes. It also underlines that tabulated model parameters can only be optimized for a speci ¢ model implementation,

which is not necessarily universally transferable to other carbon cycle models.

3 Formulation of Inverse Problem

The problem of ecosystem ux computation (e.g. GPP, Latent Energy, etc) from meteorological variables (e.g. VPD, air tem-

perature, relative humidity etc) and other ecosystem parameters can be represented as:

Y=F(X9+ (1)

where,F (): X°! Y is a functional representation of the model, which maps the model input and parametensace (
quantitatively to the space of ecosystem ux&s)(and represents the residual error which includes the precision error, the
model error and random errors. In our case, SCOPE represents the forwardmipdeiich is complex and moderately
non-linear, representing a range of physics and canopy physiological processes. We can further represent our forward problen

as:

Y = F(X;p)+ (2)
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whereX represents the state vector of parameters to be retripyedp X %andX %= X [ p) is a vector of parameters
which represents those quantities that in uence the measurement, are known to some accuracy but not to be retrieved. We cal
these parameters the forward functional parameters. In our expmgpeesents the set of all xed model (SCOPE) parameters
not involved in the retrieval. The error terntepresents the measurement noise (e.g. noise or errors in the ux measurements).
Given a set of measurements Y, the optimal state vé€toan be obtained by a generalized inverse mefRaépresented as:

X = R(Y;P;:Xa;0); ®)

wherep represents the best estimate of the forward function parameters. The paratmedmidc represents the parameters
that do not appear in the forward function but they do affect the retrieval and are associated with unceXajmgesesents
the prior estimate oK andc represents any other parameters in the retrieval scheme as a catch-all for anything else that is
used in the retrieval method, which also includes the convergence criteria.

4 Linearization of the Forward Model

A basic prerequisite for inverting the forward model is to compute its sensitivity with respect to input parameters, i.e. the partial
derivatives with respect to all the state vector elements (Jacobi matrix). For linear models, the Jacobians are independent of the
actual state. In our case, the SCOPE forward model is moderately non-linear and its Jacobians need to be computed numericall
as analytical methods are currently lacking and hard to implement given some peculiarities in the FvCB equations.

With the Jacobian matrix and a simple forward model call, we can thus write a rst order Taylor expansion for the forward
model

FOGP = FGPaxs + — (X X); @)
X x=x,

whereX is an arbitrary linearization pointf(— is the partial derivative or Jacobian at the point X .

5 lterative Retrieval Algorithm Setup

In the remainder of the paper, we will omit the vector of forward model paramptetsich are not a part of the retrieval
framework. For the non-linear problem we use the maximum a-posteriori approach. The Bayesian solution for the non-linear
inverse problem where the forward model is a general function of the state, the measurement error is Gayssidmfth a

prior estimate of the stat&X{) with a Gaussian uncertainty in the prior sta®g) (Rodgers, 2000) can be represented as:

2nP(XjY)=[Y FX)'S Y FX)+[X Xa]'S, X Xal+ % (5)
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wherec®is a constant. Our aim is to nd the best estimate of the state vé€tédenoted aX henceforth) and an error
characterization that describes the postapitfr The Gauss-Newton iteration steps for determining the state vector is given by:

Xisg = Xi+(S, 1+ KTS Ky) YK{TS 'Y F(X)] S '[Xi Xall (6)

where,K; is the Jacobi matrix, a brief derivation of Eqn. 6 is presented in appendix C, for a more in-depth treatment the
reader is referred to (Rodgers, 2000).

5.1 Levenberg Marquardt Method

In general, the Gauss-Newton iterations discussed previously nds the minimum in one step if the cost function is quadratic
with respect toX . However, in our case the cost function is not perfectly quadratic and the initial guess potentially far away
from the solution, thus requiring multiple iterations. In addition, the non-linearity of the problem sometimes results in steps
that would actually increase rather than decrease the t quality. In order to overcome this issue Levenberg (1944) (Levenberg,
1944) and Marquardt (1963) (Marquardt, 1963) proposed the following iteration for non-linear least squares problem:

Xis1 = Xi+(KK T+ D) *KT[Y F(X)] Q)

where, ; is chosen at each step to minimize the cost functionnigla diagonal scaling matrix to scale the elements of the
state vector. It can be noted that for! 0, leads to a Gauss-Newton iteration step and fdrl  tends to steepest descent
and further the step size tends to 0. It is also expected that the cost function will decrease corresponding to the dgcrease in
from in nity to zero. The value of ; is sequentially updated at each iteration by evaluating the change in cost function. Here,
we follow the general recommendations as outlined in (Marquardt, 1963; Rodgers, 2000).

The guidance for choosing the scaling maixs that it must be positive de nite. For the current problem we choose it to
beS, ! (as in (Rodgers, 2000)) and apply the Levenberg Marquardt (LM) modi cation to the Gauss-Newton method (iteration
equation C8), resulting in the following iterative inversion scheme:

Xisg = Xi+[1+ )S; 1+ KIS K] HKTS MY F(X)] S,'[Xi Xalg )

5.2 A Moving Window Set up of the Inversion Problem Using Flux Tower Observations

Figure 3 top row shows the SCOPE model simulations of GPP, LE, H and SIF for one day (August 3, 2010) in the growing
season for ¢ corn using data from the Nebraska Mead-1 ux tower site with parameter valygs ¥ 50 molsm 2s 1,
BBsiope = 7 and LAl = 4. The second, third and fourth rows from the top shows the numerically computed partial derivatives
of GPP, LE, H and SIF with respect to the parameters using SCOPE with positive perturbstiggs=5 molsm 2s 1,

BBsiope =1 and LAl =0.5. Each column of gure 3 represents a row of Jacobian matrix used for the inversions. The gure

10



Figure 3. Diurnal variability of GPP, LE, H and SIF from SCOPE model simulations (top row) for a typical day in the growing season (August

3, 2010) for G corn using data from the Nebraska Mead-1 ux tower site with parameter valies ¥ 50 molsm 2s 1, BBsiope =7

and LAl = 4. Second, third and fourth rows from the top shows the diurnal variability in the gradient of GPP, LE, H and SIF with respect to
the parameters using SCOPE with positive perturbatidfisax =5 molsm 2s 1, BBgope =1 and LAl = 0.5 which constitutes the

Jacobian matrix for the inversions. It can be observed that the Jacobian matrix is non-linear with maximum values near the mid-day period.
Our retrieval framework uses concatenated 3-day GPP and LE uxes (modeled and observed) and their gradients successively within a 3-day

window.

clearly demonstrates the in uence of each of the parameter variables in the state ¥ector the modeled uxesK (X)).

We can observe the counteracting nature of variables and the uxes from the Jacobian. For example, for LEg4x, &8

a positive gradient but LAI has a negative gradient. The decrease in LE is attributed to less radiation reaching the soil and
corresponding increase in soil aerodynamic resistance. In this case the canopy resistance goes up but does not compense
for the decreased soil evaporation and results in low sensitivities. Similarly we ggiVhas positive gradient for GPP but
negative for LE which may again be attributed to the soil evaporation responding to soil temperature. It can be noted that the
nature of these sensitivities at the canopy level are sometimes counter-intuitive from their leaf-level mechanisms and may vary
depending on environmental conditions, such as incoming PAR as well as air temperature and vapor pressure de cit. This
also creates diversity in the Jacobians over the diurnal cycle, which allows us to derive more than 2 parameters from 2 sets of

11
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measurements (GPP and LE). In Figure 3, we have not only shown derivatives of GPP and LE but also H and SIF (not used
here). In this manuscript, we outline the general framework of parameter inversion, which can easily be modi ed to make use

of more measurements such as H, SIF, re ectance or thermal emissions, all of which can be modeled with SCOPE.

Figure 4. lllustration of moving window inversion retrieval setup. The bottom left part illustrates the annual ecosystem time series ux

variables used for driving the SCOPE model. A 3-day time window is selected for each retrieval in the yearly growing season and a time

Iter is implemented for concatenating the measurement vector ( ux tower observations, with each color representing a different observation

variable) of lengttm in the retrieval windows. The top right shows the vector and matrix setup and the linearization of the forward model.
Y represents the difference between concatenated observation and modeled vectdr agpresents the corresponding change in the

state vector comprising of-variables (parameters). The bottom right shows the retrieved model parameters after implementing the moving

window approach.

For setting up the observation vectdy, ; (see Egn. 8), we use observations of carbon and latent energy uxes from
eddy covariance tower time series records. The observational error nfjrix f,;) is assumed to be a diagonal matrix and
computed using noise standard deviation as 10% of the half hourly to hourly observations (Leuning et al., 2012). We use
an initial prior state value of the state vectot,(, ;) as well as the prior error covariance matrgf, n;). As mentioned
previously, the Jacobian matrik,, , is computed numerically by a small perturbation to the value of the state vector
(see Fig. 3) at a particular iteration step. The obserYedfd modeledi (X)) uxes in the inversion framework are setup as a
long concatenated vector as shown in Fig 4. The concatenation of different ux variables are done using atime lter to represent
the part of the day we wish to include in the retrieval framework as illustrated in Fig. 4. This is logical as we have already

demonstrated in Fig. 3 that the gradients are variable throughout the day. Ideally, the time Iter applied for concatenating

12
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the data should capture the maxima and a range of variations in the gradients, but at the same time reduce the data points t
make the retrieval computationally ef cient and further tend towards providing stable solutions (retrievals) of the parameter
values. Further, the time lter helps to eliminate the night time anomalies in the observations for accurate parameter estimation.
For other observations such as spectral re ectance a daily noon time average is suitable for concatenation in the observation:
Y . The assumptions behind the long term (seasonal) retrieval of important ecosystem and plant physiological parameters is
that these parameters change signi cantly over the growing season but at a slower rate compared to and in response to th
environmental and meteorological forcing. Thus, the ecosystem parameters can be assumed to be constant over some nite
time window. We implement this assumption to set up our inverse parameter retrieval framework fo¥ -diég contiguous

moving windows over the entire growing season (Fig 4). We extend the one-day diurnal séf up @€ ) andK as shown in

Fig. 3 to multiple days for setting up tie-day windows as illustrated by color coding in Fig. 4. After computing the necessary
vectors and matrices for tid-day window, iterations are performed by applying the LM algorithm until convergence to obtain

the posterior estimation of the state vector. The retrieval window is moved over to the contiguoNsd&ys and the process

is repeated. The retrieval thus proceeds for the entire length of the growing season (Fig 4). For our retrieval example, we choose
a 3-day moving window which seems optimal for the plant response in terms of the photosynthesis paraggierBByope

and LAI) towards the change in environmental drivers.

5.3 Error Characterization and Convergence Criteria for the Retrievals

As mentioned in section 5.1, we have selected a convergence criteria for the parameter retrievals in each of the moving windows
based on the ratio of the true error to the expected error for each of the iteration steps. The total error minimized for the retrieval

isgivenbylY F(Xi)I'S [Y F(X)]+[X Xa]'S,[X Xa]. However for testing the convergence within each iteration

step, we use the method suggested by Rodgers, 2000, which adapts the Levenberg-Marquardt parameter depending on the no
linearity of the forward model.

After convergence, the posterior error covariance matrix for the retrieved state Mector be computed as:

S=[S, '+ K's K] ? 9)
The reduction in error is de ned as:
g 05
i=1 : 10
| 5 (10)

WhereS;; andS,; represent the diagonal elements in the posterior and prior error covariance matrices respectively. In our
LM retrieval process, we use the retrieved state veXtaf the previous window as rst guess (but not prior) for the current
window. This saves computational cost and is based on the assumption that our state vector varies smoothly in time.

6 Results for Implementing the Inversion Framework in SCOPE

In this section, we discuss the results of optimal parameter estimation by applying the Bayesian inversion framework to three
different ecosystems. The aim is to demonstrate the applicability for the retrieval (as well as capturing the seasonal variability)
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of canopy structural and photosynthesis parameters using carbon and water uxes, and to further compare and contrast the
results across the different ecosystems. In order to demonstrate greater potential of SCOPE in modeling spectrally resolvec
re ectance (not found in other general carbon cycle models) and versatility of the inversion framework we have also incorpo-
rated MODIS satellite re ectance bands in the retrievals. We further demonstrate how re ectance and uxes are able to better
constrain parameters such agny , BBsiope and LAI compared to just using ux tower observations.

6.1 Data Filtering Criteria in the Moving Window Retrievals

Apart from the overall algorithmic steps as described previously, we apply the following lter criteria on the results and the
data for a computationally ef cient retrieval.

1. In constructing the observation vectrwe apply a time of the day Iter (e.g. data between 9 am and 4 pm and so on)
for the initial forward SCOPE model.

2. For computing the Jacobians, a PAR based threshold (PABO mols m ? s 1) to ensure sensitivity of the measure-
ment vector with respect to state vector variations and to minimize the occurrence of unreasonable uxtower data (high
fractional errors).

3. A lter is implemented to check and ensure that the state vector remains positive at every iteration. If somehow due to a
small enough the state vector is negative, thevalue is adjusted in an iterative manner to keep it within bounds.

6.2 MODIS Satellite Re ectance Data

We use the daily Moderate Resolution Imaging Spectrometer (MODIS) MCD43A re ectance product in this study (Schaaf and
Wang, 2015). The spatial resolution of the dataset is 500m and bands 1 and 2 (red and NIR) centered at 620 nm and 841 nn
respectively were used in the inversion. This data is adjusted using a bidirectional re ectance distribution function to model the
values as if they were collected from a nadir view. Figure 5 shows the distinct seasonality in greenness which is represented
by NDVI over the two sites. SCOPE models the full Nadir VSWIR spectral re ectance (400 to 2500 nm) from which values
corresponding to the two MODIS re ectance bands are extracted and used concurrently with the observations in the inversion
framework.

6.3 Retrieval Results for the Nebraska Mead-1 site
6.3.1 Site Description

The Nebraska Mead-1 site is a part of the Ameri ux network located in Lincoln, Nebraska and is one of the three cropland
sites at the University of Nebraska Agricultural Research and Development Center, with continuous data records from 2001 till
present (Suyker et al., 2005). This site is a continuously irrigated caorsi€cies) crop site, with mean annual precipitation

of 790 mm and mean annual temperature of 1007We choose the year 2010 and an hourly time resolution for the analysis.
The site meteorology and forcing variables relevant to the SCOPE inversion retrievals are shown in Figure 6. The top two
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Figure 5. Figure showing the seasonal variability of Red, NIR MODIS Nadir Re ectance and NDVI for the Nebraska Mead1 and Missouri
Ozark Site. This dataset is used in SCOPE model inversions in conjunction with uxes of carbon and water for retrieval of ecosystem
parameters.

panels show the environmental forcing variables which are used as input (except precipitation) in the SCOPE simulations. The
bottom panel represents carbon (GPP) and energy (LE, H) uxes, which are used to construct the observatit¥n Véetor

gure indicates that the growing season extends from around June through September, coinciding with high temperature, VPD
and net radiation. We focus on the retrieval of the parametgrscV BBsiope and LAl during this entire growing season.

Prior State Vector Prior Error ()
Site Vemax  BBsiope LAl | Vemax  BBsiope LA Duration (hrs)
Mead-1 (G ) 50 7 4 30 5 3 9-16
Missouri Ozark (G ) 50 4 2 20 5 1 10-14
Niwot Ridge (G ) 80 4 3.8 20 5 10 ® 9-16

Table 1. Prior Values for LM Inversion (Units: ¥nax : [ mols m ’s 1], BBsiope , LAI: [-]

6.3.2 Inversion Parameters and Results

For each of the retrieval windows, the prior value of the state vector along with prior errors and day time duration, which is
used for ltering the GPP and LE observations, are shown in Table 1. Here, we use a purely diagonal prior error covariance
matrix, with zero off-diagonal elements. Figure 7 shows the retrievals of paramegss, BBsiope and LAI. The grey time
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Figure 6. Figure showing the diurnal and seasonal variability of important environmental and meteorological forcings together with the
tower observed uxes of carbon and energy used in SCOPE model inversions for the Nebraska Mead ux tower site. The variables in the top
and middle panels are used as inputs to the SCOPE model and the variables in bottom panel is used as a target in a moving window retrieva
approach.

series of GPP and LE values in the background are the actual Itered values used for constructing the obséjvedicior(
corresponding to each retrieval window. The dashed lines indicate the retrieved parameters using only GPP and LE uxes.
The solid lines indicate the retrieved parameters using the uxes together with MODIS re ectance. The brown (with uxes
only) and orange (with uxes and MODIS red and NIR re ectance) lines show the result of posterior simulations of uxes
with the optimized parameters. These lines represent the absolute daily average posterior simulatios erjGisserved
Posteriorj) in the uxes with and without the use of MODIS re ectance along with the ux observations in the inversions.

We nd a seasonal variability in the retrieved parameters, which follow a similar pattern in GPP or LE. In particular, the
retrieved LAl as well as ¥nax Shows a similar seasonality as GPP. There is also some variability in retrievggd.BB/hich
is correlated with LE observations. We found that including MODIS re ectance places better constraints on the parameters
during the peak of the growing season, with much less variability in retrieved LAI angV

As expected, the optimized parameters using just ux observations (dashed lines) are quite sensitive to the variation in GPP
and LE, for example around DOY 190, 210 where there is sudden dip in the retrigygd. Vhcluding the MODIS re ectance
(solid lines) in the inversions alleviates most of these large variability due to uctuations in the observed uxes or meteorology.
Moreover, with this additional MODIS re ectance constraint the range of variability for all the three paramgiggs BBsiope
and LAl is more realistic. The comparison of posterior simulations (brown and orange lines) indicate the net errors in the
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Figure 7. Figure showing the seasonal variability in retrieved parameter values.ak YBBsiope and LAI for the Nebraska Mead-1 site

using a 3-day moving window inversion approach for the year 2010. The actual points in the time series (grey lines) of the GPP and LE
uxes used as the target observations (Y) for the moving window inversion approach are shown in the background. The gure shows the
comparison of the retrieved parameters using only GPP and LE uxes (shown as dashed lines) as well as using a combination of uxes and
MODIS re ectance (shown as solid lines). The results show reasonable trends in the retrieved parameters along with their sensitivity to GPP

and LE uxes across the growing season.

prediction of uxes are almost similar in both cases (with and without MODIS re ectance) with the difference between the
two, 15% during the middle of the growing season. This may indicate that in this example there is an equi nality in
the posterior simulation of uxes with the retrieved parameters, which gets alleviated with the re ectance data. We nd that
the MODIS re ectance better constrains LAl during the beginning of the growing season between DOY 160 and 180. The
unexpectedly large increases in §g. and LAl around DOY 250-260 may be partially attributed to the largest rainfall events
(see Fig. 6). Part of this variability and correlation betweery§B and LAl may also be due to the diminishing role of soil
evaporation (parameterized by a single resistance in SCOPE) with increasing LAI. Another part may be due to evaporation
from the wet canopies which is not currently represented in SCOPE. This may cause the inversion to overestigate BB
even though it would not represent the gas exchange through the stomata. From the inversion results it is clear that all three
parameters Mnax, BBsiope @and LAl are much better constrained (with more realistic values and better seasonal variability)
with the assimilation of re ectance data together with uxes in the optimal estimation framework.

Figure 8 (top panel) shows the nal posterior error reductigregn. 10) of the retrieval iterations for each moving win-
dow. The dashed lines indicate retrieval results using GPP, LE observations only and the solid lines shows retrievals that use
re ectance observations in addition. The value pfs computed from the diagonal elements of the posterior error covariance
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Figure 8. Figure showing the seasonal variability of the posterior error reductipar(d correlation coef cient of the retrieved parameter
values of Vmax , BBsiope @nd LAI for the Nebraska Mead -1 site using a 3-day moving window inversion approach for the year 2010.

The top panel shows the .., , B8 and (a for the entire growing season and the bottom panels shows the correlation coef cients

slope

(normalized off-diagonal elements of posterior error covariance matrix) among these variables. The results of retrievals using only GPP and
LE uxes are shown as dashed lines and the results using a combination of uxes and MODIS re ectance are shown as solid lines. Both the
and correlation coef cients are computed using the nal Jacobian matrix at the end of each retrieval window.

matrix. We nd a signi cant reduction in the posterior errors of the variables in the state vector. There is a strong seasonality

in v,. and La values and moderate to none for thg . It can be clearly seen that the posterior error reduction is

slope
signi cantly greater ( 50%) when combining the re ectance data with the ux observations. The error reduction provides
more con dence in the retrieved parameters, which are also more realistic. The posterior error covariance matrix also indicates
whether the retrieved parameters are truly independent (as in the case of a diagonal matrix) or whether they co-vary (indicatec
by signi cant off-diagonal elements). The error correlation is given py = %(’;y) and should be considered when inter-
preting co-variations of retrieved parameters as the nature and magnitude of the associations between the variable pairs are tru
for the retrievals only and may or may nor represent the behavior of the variable pairs in nature due to different environmental
conditions. Figure 8 (bottom panel) shows the growing season error correlation patterns between the three parameters from th
retrievals. From the results which includes re ectance data with ux observations, it can be seen that during the peak growing
season g, ;Lal and v, ;La have opposite signs indicating slightly positive and negative association between the vari-
able pairs in the retrievals. These trends are also true when only ux data are used for the retrievals. However, in comparison
Vemax ;BB aope 1S MOStly zero but has opposite signs with and without re ectance data and thus indicate both favorable and

competing effects during the middle of the growing season.
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Finally, Figure 9 demonstrates the net improvement in canopy GPP and LE uxes due to the optimized state vector using
ux observations only over their prior values. The rst column represents the diurnal and seasonal variability in the time
series of GPP and LE uxes with optimized and unoptimized parameters and further its comparisons with ux tower values.
The right column represents the one-to-one comparisons of the same. We nd a signi cant improvement in the estimation
of GPP (R = 0.94) and the optimized parameters are able to capture the growing seasonal variability well as measured by
ux tower observations (slope = 1.04). The improvement in modeling the uxes with the posterior over the prior value of
the state vector is also captured by th& error statistic (2 = :‘:O ((yi F(xi))= 1)?) for the prior (unoptimized) and
. =9382, 2., =10728, 2 ot = 19235

posterior (optimized) simulations. The corresponding values é,_r,g o

=20554.

op unopt

2
and £ ynopt

Figure 9. Figure showing the improvement in diurnal and seasonal variability in modeling the GPP and LE uxes with optimized parameters
over prior values using SCOPE for the Nebraska Mead-1 site for the year 2010. The gure also shows the one-to-one comparison (indicated
by black-line) with the observed ux tower values. The optimization of the photosynthetic parameters improves the accuracy of computing
the carbon and water uxes as indicated by tifevalue and the equation of the regression line.

6.4 Retrieval Results for the Missouri Ozark site

6.4.1 Site Description

The Missouri Ozark site is also a part of the Ameri ux network and is located in the University of Missouri Baskett Wildlife
Research area, situated in the Ozark region of central Missouri. It is uniquely located in the ecologically important transitional
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zone between the central hardwood region and the central grassland region of the US (Gu et al., 2006). This site has a meal
annual precipitation of 986 mm and a mean annual temperature of 12.4hd has continuous data records from 2004 till
present. It is a deciduous broadleaf forest site comprised i@t species. We use half hourly datasets from the year 2007

and 2009 in the present analysis. The site meteorology and forcing variables relevant to the SCOPE inversion retrievals are
shown in Figures S4 and S5 in the supplementary information. From the meteorological data it can be seen that the year 200¢
was a normal wet year and the year 2007 was a year with a midsummer drought around DOY 250. This is also re ected in
observed GPP and LE uxes with two distinct peaks in the growing season, caused by a late-summer drought and associatec
low productivity around DOY 250. This decrease in productivity is not distinguishable from the MODIS re ectance data in
Fig. 5, which indicates that plants maintain greenness during this time, making this a unique test case for our inversion setup
as the Vmax ts re ect the a stress-factor as well, which is usually applied to downscale the physiologigak \during
environmental stress. We focus on the retrieval of the parametgks MBBgiope and LAl during this entire (longer) growing

season. For both the years we demonstrate the parameter retrievals using GPP and LE uxes only as well as compare ou
retrievals using additional constraints of MODIS red and NIR re ectances (Fig. 5).

Figure 10. Figure showing the seasonal variability in retrieved parameter valuesn@k YBBsiope and LAl for the Missouri Ozark site

using a 3-day moving window inversion approach for the year 2009. The actual points in the time series (grey lines) of the GPP and LE

uxes used as the target observations (Y) for the moving window inversion approach are shown in the background. The gure shows the

comparison of the retrieved parameters using only GPP and LE uxes (shown as dashed lines) as well as using a combination of uxes and
MODIS re ectance (shown as solid lines). The results show reasonable trends in the retrieved parameters along with their sensitivity to GPP
and LE uxes across the growing season.
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Figure 11. Figure showing the seasonal variability of the posterior error reductipand correlation coef cient of the retrieved parameter
values of Vmax , BBsiope @nd LAI for the Missouri Ozark site using a 3-day moving window inversion approach for the year 2009. The top

panel shows they .. » and . for the entire growing season and the bottom panels shows the correlation coef cients (normalized

BB slope
off-diagonal elements of posterior error covariance matrix) among these variables. The results of retrievals using only GPP and LE uxes

are shown as dashed lines and the results using a combination of uxes and MODIS re ectance are shown as solid lines. Boith the
correlation coef cients are computed using the nal Jacobian matrix at the end of each retrieval window.

6.4.2 Inversion Parameters and Results - Year 2009

The assumed prior value of the state vector, prior errors and day time duration which is used for Itering the GPP and LE
observations for the retrieval windows are shown in Table 1. Compared to Mead, the retrieval for this site is carried out over
a much longer duration, covering almost the entire year. Figure 10 (like Mead-1, Fig. 7) shows the comparison of parame-
ter retrievals ¥max , BBsiope @and LAl using (i) only ux observations and (ii) ux observations combined with two MODIS

re ectance bands. We nd an overall strong seasonality with realistic values®fV BBsiope and LAI, following the pat-

terns in GPP and LE. The beginning (and end) of the growing season shows increasing (decreasing) trghgsand/

LAl retrievals, which coincide well with the increase (decrease) in MODIS NDVI observations (Fig. 5). The retrieved LAI
variability helps to explain the rapid appearance of new leaves in the spring (March-April) and their disappearance around
fall (October-November). The MODIS re ectance data helps to better constrain LAI gngk Mwhich is speci cally evident

around DOY's 140-150 and 200-250. The sharp increase in retrieygd When using just the ux observations around DOY

148 may be attributed to the sharp peaks in GPP, however the re ectance observations clearly help to better constrain the statt
vector. There are some issues with the retrieval for windows around DOY 175 and 24&RBBhis may again correspond

to the large precipitation (see supplementary information Fig. 4) events (e.g. overestimatiogi,gf BBound these windows
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as well as sharp uctuations in GPP and LE, respectively. This error in prediction of uxes [Observed Posteriorj) is
also revealed by posterior simulations represented by brown and orange lines. Comparing the posterior simulations with and
without the MODIS re ectance constraints with the prior reveals the net error to be of similar magnitude in both cases with
15%during the growing season and indicating equi nality in the predicted uxes with the parameter combinations.

Figure 11 shows the nal posterior error reduction of the retrieval iterations for each moving window. It is found that there is
signi cant reduction in the posterior errors for Bge. We ndthat v . and o hasthe same trend and seasonality as that
of retrieved \imax and LAl respectively. The evolution of the retrieval error correlations is again interesting and comparison
with the Mead Corn-¢ site using ux observations only show shows it is similar fer,,,, :Lai and ss . ;:Lai (Negative
and positive respectively) and different foy . -8

The correlations v, -8 and v, :La are both negative

slope slope

indicating counteracting effects of these variables in the retrieval. In compariggp,, ;La is positive for the retrievals
indicating in-sync behavior. The error correlatiors, ., ..ai are highest among the three in the middle of the growing season.
Finally, there is a signi cant improvement in the estimation of both GPP and LE uxes (see supplementary information
Fig. S6) (R = 0.7) with the optimized state vector over the prior values. The optimized state vector is able to capture the
growing seasonal variability well (slope of regression lines: GPP =0.97 and LE = 1.02). The un-optimized prior values severely
under-predict both uxes. The corresponding error measuf@s: o = 12975, Epp ynopt = 30070, Fe o = 17260

and 2¢ = 32283 indicates that the inversion framework is able to retrieve the seasonal dynamics in the photosynthetic

unopt

and canopy structural parameters for accurate prediction of the uxes.
6.4.3 Inversion Results for Year 2007

The year 2007 for the Missouri Ozark site is an interesting example because the forest experiences a late summer drought an
decrease in productivity, which is captured by the ux observations but not with phenology or greenness (see supplementary
information Fig. S5, Fig. 12 and Fig. 5). The inversion setup, meteorological data resolution, initial guess and prior errors
for the year 2007 are similar to that of 2009. Figure 12 shows the results for the retrieval of paranggigrsBBsiope and
LAI from the inversion framework using (i) observations of GPP and LE uxes (dashed line) and (ii) ux observations with
MODIS re ectance bands (solid lines). The overall seasonality of the retrieved parameters reveals that the inversion framework
is able to capture the late-summer drought. The mid season drought around DOY 230-250 is well captured by decreases in
photosynthesis (Mnax ) and stomatal conductance (Bfe). These parameters again increase from around DOY 260 after the
drought recovery and also correlates well with the ux observations. However, $hg Wariations shouldn't be confused
with actual changes in Rubisco concentrations. Like many other carbon cycle models, the only way to impose environmental
stress (apart from VPD and temperature) in SCOPE is to scalg With a stress-factor between 0-1. Our retrieved effective
Vemax 1S the product of a stress factor and the physiologicalay, which explains the large variations during drought here.

In contrast, the change in retrieved LAI during the period from DOY 240 to 300 is fairly gradual and re ects the phenology
only. The addition of MODIS re ectance data constrains LAl (and in conjunctigiray) much better than than just the ux
observations, which is clearly evident from thg\y retrievals around DOY 200. This large change ¥ (when using just

constraining ux observations) also corresponds to the single largest rainfall event of the season (see supplementary information
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Figure 12. Figure showing the seasonal variability in retrieved parameter valuesnaf YBBsiope and LAl for the Missouri Ozark site

using a 3-day moving window inversion approach for the year 2007. The actual points in the time series (grey lines) of the GPP and LE
uxes used as the target observations (Y) for the moving window inversion approach are shown in the background. The gure shows the
comparison of the retrieved parameters using only GPP and LE uxes (shown as dashed lines) as well as using a combination of uxes and
MODIS re ectance (shown as solid lines). The results show reasonable trends in the retrieved parameters along with their sensitivity to GPP
and LE uxes across the growing season.

Fig. S5) as well as a corresponding concurrent spike in productivity. The MODIS red and NIR re ectance unlike GPP and LE
uxes were insensitive to this short drought and provides better constraints on the LAl.ggd Mtrievals during this period.

A comparison of modeled red and NIR re ectance from the SCOPE model with optimized parameters shows that it matches
well with the observations (see supplementary information Fig. S8). There is excellent match in the red re ectance throughout
the season, the NIR re ectance also matches well with the observations during the early-middle of the growing season (DOYs
130-250), during the post drought recovery phase the increase may be attributed to the increase in retrieved LAI. Apart from
the drought period, the range and variability of all three parameters correspond well with the retrievals for the same site for the
year 2009 presented earlier.

The posterior simulations excluding and including the MODIS observations (represented as orange and brown lines respec-
tively in Fig. 12) indicate similar improvement in prediction of uxes over their priors witR opt = 0.7, Rpp unopt
=0.2, R opt = 0.5 and Re unopt = 0:1. For the year 2007 it is also found that the posterior error reductign, and

LAl is similar or slightly better compared to the year 2009 (See supplementary information Fig. S7). This again provides
more con dence in the retrieved parameters and their temporal dynamics. As expected, the posterior error reduction is slightly
better for all three parameters with the re ectance constraints during the middle of the growing season. The error correlations
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Vemax :BBaope @ND v sa for 2007 are both negative and similar in magnitude to that of year 2009. The error correlation
structure for the year 2007 is different compared to the wet year 2009, especially during the middle of the growing season
and may be attributed to the change in interaction between the state vector elements due to imposed drought stresses. We no
that our moving window inversion setup using different observational streams is able to capture the ecosystem dynamics over
the entire growing season as well as capture in season drought dynamics, which are not possible using traditional one-stej
seasonal or annual inversion approaches. Inversions like this will also help guide model parameterizations of stress impacts or
the dynamic down-regulation of photosynthesis as a response to, e.g., changes in the soil matric potential.

Finally, we performed a sensitivity analyses of the newer temperature dependence implementation in SCOPE on the inversion
retrieval results for the Ozark site [see supplementary section S2.1.2]. It is found that with the newer temperature dependence
implementation and optimized parameters SCOPE is able to well captyg Variations due to changes in the average
canopy temperatures. There is a clear difference between the retdgygd with and without temperature dependence and
the changes correlate with the implemented temperature response functions [see supplementary section S2.1.2]. The results
the posterior simulation on GPP and LE uxes also indicate improvement witrerror reduction of 3415 and 2104 for GPP
and LE respectively.

Figure 13.Figure showing the seasonal variability in retrieved parameter values+f VBBsiope and LAI for the Niwot Ridge site using a
3-day moving window inversion approach for the year 2010. The actual points in the time series (grey lines) of the GPP and LE uxes used
as the target observations (Y) for the moving window inversion approach are shown in the background. The results show reasonable trends

in the retrieved parameters along with their sensitivity to GPP and LE uxes across the growing season.
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