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Key Points:

« We investigated the limitations of biogeochemical models in simulating inter—annual
variability (IAV) of gross primary production (GPP).

« Capturing year—to—year variability of model parameters and diurnal GPP peaks
can be key to understanding IAV.

 Variability in model performance is majorly influenced by model types, param-
eterization strategies, and site characteristics.
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Abstract

A long-standing challenge in studying the global carbon cycle has been understanding

the factors controlling inter—annual variation (IAV) of carbon fluxes related to vegeta-
tion photosynthesis and respiration, and improving their representations in existing bio-
geochemical models. Here, we compared an optimality-based mechanistic model and a
semi-empirical light use efficiency model to understand how current models can be im-
proved to simulate TAV of gross primary production (GPP). Both models simulated hourly
GPP and were parameterized for (1) each site—year, (2) each site with an additional con-
straint on TAV (Cost!4V), (3) each site, (4) each plant—functional type, and (5) glob-

ally. This was followed by forward runs using calibrated parameters, and model evalu-
ations at different temporal scales across 198 eddy covariance sites. Both models per-
formed better on hourly scale than annual scale for most sites. Specifically, the mech-
anistic model substantially improved when drought stress was explicitly included. Most

of the variability in model performances was due to model types and parameterization
strategies. The semi-empirical model produced statistically better hourly simulations than
the mechanistic model, and site—year parameterization yielded better annual performance
for both models. Annual model performance did not improve even when parameterized
using Cost!4V . Furthermore, both models underestimated the peaks of diurnal GPP in
each site—year, suggesting that improving predictions of peaks could produce a compar-
atively better annual model performance. GPP of forests were better simulated than grass-
land or savanna sites by both models. Our findings reveal current model deficiencies in
representing IAV of carbon fluxes and guide improvements in further model development.

Plain Language Summary

Terrestrial vegetation assimilates and releases carbon dioxide through photosyn-
thesis and respiration, respectively, and their net magnitude determines if vegetation can
be a sink or source of carbon. We are interested in understanding what controls the inter—
annual variability (IAV) of gross primary production (GPP) which represents photosyn-
thesis, in a given location and how their representations can be improved in models sim-
ulating GPP. Here, we considered a mechanistic model that can be applied equally well
globally, and a data-driven semi-empirical model. We found both models better simu-
lated diurnal and seasonal cycles of GPP than TAV. Such differences probably stem from
model parameters, as critical ecosystem functions they represent may not be well-constrained
or model structures may lack critical representations via inaccurate simulation of peak
diurnal GPP and drought stress. The IAV of GPP was comparatively better simulated
if model parameters were fine-tuned with data from specific years. Another challenge is
that TAV of GPP can also be observed due to disturbances, such as forest fire, and hu-
man management besides natural causes, which were also not represented in models. Our
results suggest that learning the variability of model parameters over the years can be
key to better simulation of the IAV of GPP.

1 Introduction

The global carbon cycle is an important biogeochemical cycle, which affects the cli-
mate on Earth (Schimel, 2001). Terrestrial vegetation, which covers a large part of the
land area, assimilates atmospheric carbon dioxide (COs2) through photosynthesis. Simul-
taneously, CO5 of similar magnitude is released into the atmosphere during terrestrial
ecosystem respiration (TER). The net balance of these two fluxes determines if terres-
trial vegetation acts as a sink or source of carbon (Ruehr et al., 2023). Terrestrial gross
primary production (GPP) can be defined as ‘apparent’ photosynthesis, i.e., the rate at
which the vegetation assimilates carbon through photosynthesis minus the loss of car-
bon only through photorespiration (Plummer, 2006; Wohlfahrt & Gu, 2015). GPP can
be estimated directly using gas exchange measurements at the leaf and canopy scales (Jez
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et al., 2021), and indirectly through measurements of net ecosystem exchange (NEE) us-
ing the eddy covariance (EC) method at the ecosystem or landscape scale (D. D. Bal-
docchi, 2003). Though the GPP estimated using the EC method represents ‘apparent’
photosynthesis, its magnitude can be closer to ‘true’ photosynthesis which is the actual
amount of carbon assimilated due to overestimation of daytime mitochondrial respira-
tion in flux—partitioning algorithm (Reichstein et al., 2005; Wohlfahrt & Gu, 2015). Fur-
thermore, a large variety of biogeochemical models have been developed to simulate and
upscale carbon fluxes from local to regional or global scales to better describe the global
carbon cycle (Xiao et al., 2014; Burton et al., 2023; Dannenberg et al., 2023; Nelson et
al., 2024).

Biogeochemical models that simulate GPP can be of different types and complex-
ities. On the one hand, process-based models, such as the models used in the Trends in
Net Land-Atmosphere Carbon Exchange (TRENDY) project, mechanistically describe
the physiological processes involved in photosynthesis or plant respiration (Sitch et al.,
2015). The ability of these process-based models to capture a certain process largely de-
pends on the underlying model structure and calibration of model parameters (Anav et
al., 2015). Similar, but simpler than fully mechanistic approaches are the models con-
structed on the concept of light use efficiency (LUE), which treat a canopy as one big
leaf, but where the GPP is calculated as the product of the absorbed photosynthetically
active radiation (aPAR) and LUE (Monteith, 1972). These models are semi-empirical
as they combine both the simplicity of empirical models and the theoretical mechanisms
that underpin process-based models (Running et al., 2000; Yuan et al., 2007; J. Chen,
2021). On the other hand, empirical models are largely based on learning regression func-
tions to establish a general relation between input data, such as meteorology and ecosys-
tem properties, and the desired output, such as GPP. At the site level, the ability of such
data—driven models (Jung et al., 2011, 2020) to accurately simulate the GPP fluxes gen-
erally outperforms mechanistic approaches, but they are largely reliant on good qual-
ity training data and generally lack comprehensive representations of long-term forcing
functions, such as COs fertilization effect, i.e., increased GPP with the increase in at-
mospheric CO4 concentration (Schimel et al., 2015).

Considering the methodological diversity and differences in GPP estimates, var-
ious model benchmarking and model-data integration experiments have been designed
to compare approaches, but also to unveil drivers of ecosystem functioning for various
bioclimatic and vegetation types, across spatial and temporal scales. A long-standing
challenge, and still a key area of interest, lies in understanding the factors controlling
inter—annual variability (IAV) of the various carbon fluxes (D. Baldocchi et al., 2018).
The challenge presents itself from the mechanistic to the more data—driven approaches
and contests the dominant role of meteorology in determining the IAV of ecosystem fluxes
(Richardson et al., 2007). At the local ecosystem level, Wu et al. (2012) looked at the
TAV of net ecosystem fluxes by fitting the parameters of a semi-empirical model at shorter
timescales to capture the seasonality, but also annual variability of model parameters.
The approach allows testing the role of changes in ecosystem functioning in the TAV of
carbon fluxes (Richardson et al., 2007). They concluded that climate and parametric vari-
ability control TAV of ecosystem fluxes at shorter and longer timescales, respectively. Si-
multaneously, Fatichi and Ivanov (2014) highlighted the role of climate when using 200
years of hourly synthetic meteorological data to force an ecohydrological model to find
that the random occurrence of favourable weather conditions at certain hours of the day
can be a major predictor of IAV of net primary production (NPP). This statistical re-
lationship was corroborated by Zscheischler et al. (2016) using actual flux data from EC
sites from forested areas in North America, where the 915 percentile values of hourly
GPP flux, i.e., peak GPP values, substantially contributed to the IAV of GPP flux. These
studies highlight the correlation between the distribution tails and the TAV in EC fluxes.
However, there is no robust pattern across sites nor do they challenge there is no vari-
ability in ecosystem function.
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More recently, a model selection study compared an ensemble of 5600 possible semi-
empirical LUE model structures to find a global best model structure (Bao et al., 2022).
The best LUE model is calibrated at a daily timescale per site and explains the variabil-
ity of GPP fluxes across the FLUXNET EC network (Pastorello et al., 2020), consid-
ering the effect of various environmental conditions on maximum LUE through partial
sensitivity functions. Though the best global model performed similarly to the best model
selected for each site at the daily resolution, it failed to represent the variability of an-
nually aggregated GPP fluxes for 74% of sites, i.e., the Nash-Sutcliffe efficiency (NSE)
of model performance (Nash & Sutcliffe, 1970) was below or equal to 0.5. This finding
may be attributed to (1) the use of daily data in the study, as the model had no infor-
mation on the favourable conditions that occurred in a diurnal cycle and failed to sim-
ulate the diurnal GPP peaks which had a major influence on IAV (Fatichi & Ivanov, 2014;
Zscheischler et al., 2016; Bao et al., 2022), (2) the assumption of invariance in ecosys-
tem function, i.e., values of model parameters remain constant for all site—years in a site,
and (3) the need to explicitly consider different timescales in the cost function (Desai,
2010).

In contrast, Mengoli et al. (2022) proposed an optimality-based framework (Wang
et al., 2017; Stocker et al., 2020), i.e., process-based P-model which simulates GPP mech-
anistically and differentiates between instantaneous and acclimated photosynthetic re-
sponses. This model demonstrated its capability in simulating half-hourly GPP dynam-
ics at ten EC sites, covering four vegetation classes for limited time periods. Whereas,
the performance of this modelling framework across sites representing diverse climate—
vegetation features and various temporal resolutions were not evaluated. Though this
modelling framework considers the effect of temperature, vapour pressure deficit (VPD),
atmospheric CO5 concentration, solar radiation, and the fraction of absorbed photosyn-
thetically active radiation (APAR), it does not explicitly consider the effect of drought
stress on GPP variability at sub-daily scale. Recently, Mengoli et al. (2023) proposed
an improved version of this model by incorporating climatic aridity and calculating a scal-
ing factor for GPP. However, in the improved model, the scaling factor could only be ap-
plied to improve the simulation of daily GPP.

The challenge to correctly reproduce TAV is also apparent on a global scale. Anav
et al. (2015) further drew attention to the disagreement in annual GPP, modelled by var-
ious global GPP modelling frameworks, such as a data—driven model-tree-ensemble (Jung
et al., 2011), process-based models in the TRENDY project (Sitch et al., 2015), and the
CARBONES dataset (Kuppel et al., 2013) which was derived using a hybrid approach.
These discrepancies highlight that site level limitations in simulating IAV propagate to
larger scales where additional mechanisms play a role in the TAV of ecosystem fluxes, such
as natural or anthropogenic disturbances and land-use landcover change (McGuire et
al., 2001; Bultan et al., 2022).

As such, here we explore ecosystem-level estimations of GPP flux to systematically
investigate how various factors can be linked to describing the TAV of GPP flux, such
as peak values of diurnal GPP, climatic conditions, and variables represented by model
parameters, which are usually hard to measure directly and can be difficult to interpret
even when various modelling approaches are adopted. We tested the impact of the con-
stant or time-varying parameterizations and evaluated their performances in capturing
GPP variability at various temporal aggregation scales, especially at the annual scale.
We also tested the hypothesis that observational constraints complement and enhance
theoretically-grounded process formulations and that improving the model simulations
at the sub-daily scale improves the prediction of TAV of GPP. Additional analysis on pa-
rameter inversion approaches and cost functions, as well as on parametric variability are
treated in a companion paper [companion paper citation, in prep]. In this study, we aim
to answer
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1. How well does a mechanistic model perform compared to a semi-empirical model
across various temporal scales with different model parameterization approaches?

2. Can the performance of a mechanistic model be improved if drought stress is in-
cluded?

3. What factors influence the variability of model performance at different tempo-
ral scales?

4. How much are the differences in model performance between a mechanistic and
a semi-empirical model as well as across plant—functional types (PFT) and climate—
vegetation types?

5. Does improved simulations of peak diurnal GPP lead to improved simulations of
TAV of GPP?

2 Methods and data

In this study, we focused on parameterization of both a semi-empirical model, at
daily and sub-daily scales, and a mechanistic model at a sub-daily scale using various
parameterization strategies consisting of different subsets of data and cost functions (Fig.
1). Thereafter, we performed forward runs of models with calibrated parameters at the
temporal resolution of model parameterization data and evaluated model performances
at different temporal aggregations (Fig. 1). The following sections describe each method-
ological step in a detailed manner.

2.1 Models
2.1.1 Mechanistic model: P-model of Mengoli

Stocker et al. (2020) proposed the first version of the P-model based on theories
formulated by Wang et al. (2017), which unified the classic Farquhar—von Caemmerer—
Berry (FvCB) model (Farquhar et al., 1980) with the simplified formation of big leaf LUE
models (Monteith, 1972). The probable reasons behind using the ‘P’ in the P-model are
(1) ‘P’ stands for photosynthesis, (2) classically, GPP used to be denoted by ‘P’ (Monteith,
1972), and (3) the initial of the lead author (Prentice et al., 2014) who formulated the
theories behind the model starts with ‘P’ (B. D. Stocker, personal communication, May
06, 2024). The underlying equations of the P-model were formulated based on the op-
timality principle (Prentice et al., 2014) and the coordination principle (J.-L. Chen et
al., 1993; Maire et al., 2012). According to the optimality principle, plants aim to op-
timize the cost of transpiring water to assimilate COs through the stomata. In the P-
model, the ratio of leaf internal and ambient COz concentration (x = C;/C,) is cal-
culated for which the above-described cost is minimal, and the sensitivity (§) of x to VPD
is predicted. The coordination principle describes the achievement of equilibrium between
the maximum rate of carboxylation (V. ) and electron transport (Jpqz) by the plants.

Cmax

Mengoli et al. (2022) adapted the first version of the P-model to simulate half-hourly
GPP dynamics. Here, we applied this same model at an hourly scale and called it the
Pu,y model. The major improvement in this version was defining an explicit differenti-
ation between instantaneous (such as RuBisCo and light-limited carbon assimilation),
and photosynthetic responses (V., .., Jmaz, and &) which acclimate over time in response
to environmental conditions. One of the important aspects of this Py, model is that the
parameters associated with cellular biochemistry acclimate to favourable conditions dur-
ing the day over a period of time or acclimation time (A;). In this study, we considered
the favourable condition as the average of three hourly input data points in the middle
of the day from 11:00 (hh:mm) LT, 12:00 (hh:mm) LT, and 13:00 (hh:mm) LT. A rolling
mean of the average condition from mid-day was taken over the A;, which was used to
calculate optimal values of the model parameters, as described in Mengoli et al. (2022).
The value of A; was calibrated as a parameter in our study (Table 1). We chose the mid-
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Figure 1. Graphical representation of the model-data—integration workflow adopted in this
study. The blue box indicates the preparation of forcing and observation data at hourly and daily
scales for each site, as well as defines the initial value of parameters and their range by survey-
ing literature. Then five different model parameterization tasks were performed for the light use
efficiency (LUE) model from Bao et al. (2022) at hourly scale (Baopn, model) and at daily scale
(Baoaq model), P-model from Mengoli et al. (2022) at hourly scale (Pynr model), and Py, model
with an explicit drought stress function (P}" model) using the Covariance Matrix Adaptation
Evolution Strategy (CMA-ES) (Hansen & Kern, 2004), which is indicated by the red box. The
cost function (f) is a function of observed (y) and simulated (z) gross primary production. The
green box denotes that the whole workflow was applied for the 198 sites from the FLUXNET2015
dataset (Pastorello et al., 2020). The dotted orange box highlights the focus of this study. The
parameter dynamics is explored in detail in a companion paper [companion paper citation, in
prep]. The figure was created in BioRender. De, R. (2024).

day and rolling mean approach from Mengoli et al. (2022) as it produced the best re-
sults in their evaluations of the Py, model at the half-hourly scale.

One of the known limitations of the Py, model is its tendency to overestimate GPP
fluxes in water—limited ecosystems, as no explicit representation of soil moisture condi-
tions was included (Mengoli et al., 2022, 2023). In order to relax such drawbacks here
we used the water availability index (WAI) as a proxy of soil moisture (Tramontana et
al., 2016; Boese et al., 2019; Bao et al., 2022). The WAI represents the spatial and tem-
poral dynamics in plant available water based on a simple hydrological model where stor-
age is controlled by precipitation and evapotranspiration. We further introduced a drought
stress function that additionally scaled the GPP estimates of the Py, model, and we de-
noted this new version as the P}V’ model. We calibrated ten parameters in the P} model
in which nine parameters were in the hydrological model and the drought stress func-
tion (Table 1). Further details on the implementation of the P}V model, along with the
drought stress function can be found in Sect. S1.1 and S1.2.



Table 1.

Description, range, initial values, and units of calibrated model parameters

X/ Symbol Definition Initial Lower Upper Unit Reference
model value bound bound
name
PV, P A Length of acclimation 18 1 100 days after Mengoli
models time et al. (2022)
Baoy;, Emaz Maximum light use 0.04 0 0.4 umolCOy - Bao et al.
Baogq efficiency pmol photons ™ (2022)
models
T Topt Optimal temperature 10 5 35 °C Bao et al.
(Baoy, (2022)
B
mao?ide(is) kr Sensitivity to 2 1 20 o¢™! Bao et al.
temperature changes (2022)
agr Lag parameter for 0.29 0 0.9 - Bao et al.
temperature effect (2022)
e s -5 . . —5 a1
FVPD K Sﬁ;l;lgti\\:ty to VPD -5 x 10 0.01 1 x 10 Pa ](32%02;; al.
(Baohn
Baoaq Cy Sensitivity to 0.4 0 10 - Bao et al.
models) atmosphcric COy (2022)
concentration changes
Cuo Minimum optimal 380 340 390 ppm Bao et al.
atmospheric CO, (2022)
concentration
Ch CO,, fertilization 2000 100 4000 ppm Bao et al.
intensity indicator (2022)
fL ¥ Light saturation 2x 1072 0 0.05 pmol photons ™' Bao et al.
(Bao,, curvature indicator m?-s (2022)
Baodd
models)
fcr m Sensitivity to 0.5 1073 1 - Bao et al.
(Bao,, cloudiness index (2022)
Baogq changes
models)
fw(}\/ Wi Optimal soil moisture  0.26 0.01 0.99 mm - mm~ ! Bao et al.
(P (2022)
Phir,
Bh : kw Sensitivity to soil -11 -5 -30 - Bao et al.
A0k isture changes 2022)
Baoay moisture changes (
models)  « Lag parameter for soil ~ 0.98 0 1 - Bao et al.
moisture effect (2022)
AWC Available water 100 1 1000 mm Bao et al.
WAL capacity (2022)
W
;th’ 0 Rate of 0.05 10~4 0.1 mm -h™? Bao et al.
hrs evapotranspiration (2022)
Baop,,
Baoga PETcq1ar Multiplicative scalar 1.2 0 5 - Trautmann
models) for potential et al. (2018)
evapotranspiration
MRy uir Snow melt rate for 0.125 0 0.5 mm -° C! Trautmann
temperature h! et al. (2018)
MR etraq Snow melt rate for net  0.0375 0 0.125 mm - MJ ™} Trautmann
radiation h! et al. (2018)
SNg Sublimation resistance  0.44 0 3 - Bao et al.
(2022)
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2.1.2 Semi-empirical model: Bao model

Vegetation stores energy from absorbed solar radiation in the form of biochemi-
cal energy through photosynthesis. The efficiency of the photosynthetic apparatus in per-
forming this energy conversion is termed as light use efficiency (g). In a LUE model, GPP
is calculated as the product of instantaneous e, photosynthetic photon flux density (PPFD),
and the fraction of incident photosynthetically active radiation that is absorbed by veg-
etation (fAPAR). Instantaneous ¢ reaches its maximum, i.e., €,,42, when all environmen-
tal factors are optimal for photosynthesis. Instantaneous ¢ is determined as the prod-
uct between ,,,, and the partial sensitivity functions (fX) for the different environ-
mental factors controlling GPP, such as air temperature (T'), VPD, available soil water
supply (W), absorbed photosynthetic photon flux (L = PPFD x fAPAR), the cloudi-
ness index (CI, Table A1), and atmospheric CO4 concentration (Mikeld et al., 2008; Horn
& Schulz, 2011; Bao et al., 2022).

GPPui = (€mas - [T - fVPD - fL- fCT - fW) - PPFD - fAPAR (1)
2. e:ﬂp<—7Tf ;Topt)

T

T = (2)
1+ (exp(_ng;Z:opt))Q

Ty(t) = (1 —opr) - T(t) + opr - Tyt — 1) (3)
Cao \ " COy — Cyo

fVPDea?p<l<L~ 002> oVPD>'(1+COZ_CaO+Cm> (4)

1
L= ~(PPFD - fAPAR) + 1 (5)
fcr = cr+ (6)
1
W = e low (W, — W) @
Wft = (l_a)'Wt+a'Wft—l (8)

In this study, we used the LUE model of Bao et al. (2022, 2023) since it emerged
as a robust representation from the systematic comparison across the large diversity of
LUE formulations in the literature. The model selection followed a Bayesian approach
that leveraged on the evaluation of modelling performance across FLUXNET EC sites
(Pastorello et al., 2020) when forced and calibrated with daily data for each site. We de-
noted this model as the Baoyp, model when we parameterized at hourly scale, and as the
Baogg model when we parameterized at daily scale. The model is described in Eqs. (1)
to (8), where fT', fVPD, fW, fL, and fCI are partial sensitivity functions for T', VPD,
W, L, and CI, respectively. In this case, W and fWW were calculated similar to the im-
plementation in P}¥ model, i.e., with a simple hydrological model (Sect. S1.1) and drought
stress function (Eq. 7 and 8 are same as Eq. S1 and S2), respectively. Bold terms in the
Eq. (1) to (8) are model parameters, and their initial values, units, and ranges are de-
scribed in Table 1. The physical ranges for most of the parameters were based on Bao
et al. (2022, 2023) and Trautmann et al. (2018). The fVPD term, viz. Eq. (4), also ac-
counts for atmospheric COy concentration. The partial sensitivity functions range from
zero to one (except the 2" part of Eq. 4 which can be greater than one), where a value
of zero completely diminishes, and of one completely favours GPP. In this study, we changed

the denominator of Eq. (2) in comparison to the original exponential function exp(—Tf;iTT"’")

of Bao et al. (2022, 2023), as the revised version produced a more realistic range of fT
(Fig. S3). Sensitivity functions fT' and fW also consider a lag effect of 7' and W. The
lag effect of temperature was considered for Temperate, Boreal, and Polar regions where
the first letter of the Képpen—Geiger (KG) climate class is ‘C’, ‘D’, ‘E’; and that of soil



33 water supply was considered for arid regions where the first letter of the KG climate class
33 is ‘B’ (Rubel et al., 2017; Beck et al., 2018).

334 2.2 Data used
335 We selected 198 eddy covariance sites, for which the required forcing and obser-
336 vation or derived data for model parameterization were available from the FLUXNET2015

337 dataset (Pastorello et al., 2020; FLUXNET.org, 2024a). A list of these sites can be found
338 in Table S2 (Sect. S3) and their spatial distributions is plotted in Fig. S4. The variables
339 which were used to force, and parameterize models as well as data processing steps such
340 as gap—filling, and quality control are described in detail in Table A1, Appendix B and
301 Appendix C. We prepared these data in both hourly and daily resolutions.

342 In our study, a total of 13 different PFTs (as defined in FLUXNET .org, 2024b) were
243 represented: croplands (CRO; 19 sites), deciduous broadleaf forests (DBF; 25 sites), de-
244 ciduous needle leaf forest (DNF; one site), evergreen broadleaf forests (EBF; 13 sites),

245 evergreen needle leaf forests (ENF; 47 sites), grasslands (GRA; 35 sites ), mixed forests
346 (MF; nine sites), closed shrublands (CSH; three sites), open shrublands (OSH; 13 sites),
347 savannas (SAV; six sites), permanent wetlands (WET; 20 sites), woody savannas (WSA;

348 six sites), and land cover under snow for most of the year (SNO; one site). The major

349 KG climate classes (Rubel et al., 2017; Beck et al., 2018; FLUXNET.org, 2024c) are rep-
350 resented by 12 tropical sites, 18 arid sites, 87 temperate sites, 71 boreal sites, and 10 po-
351 lar sites. We also classified sites into 9 climate—vegetation types, similar to Bao et al. (2022),
352 in which seven sites are tropical forests (TropicalF), five sites are tropical grassland (Trop-
353 icalG), six sites are arid forest (AridF), 12 sites are arid grassland (AridG), 51 sites are

354 temperate forest (TemperateF), 36 sites are temperate grassland (TemperateG), 52 sites
355 are boreal forest (BorealF), 19 sites are boreal grassland (BorealG), and 10 sites have

356 polar vegetation.

357 2.3 Model parameterization

358 We primarily defined four different parameterization strategies consisting of var-

359 ious subsets of data to calibrate the model parameters controlling hourly GPP dynam-

360 ics. These parameterization strategies were used to determine a vector of calibrated pa-

361 rameter values (1) for each site-year, (2) for each site, (3) for each PFT, and (4) for all

362 sites at once (global parameterization). We also performed another parameterization per
363 site using a modified cost function which used an additional constraint on the IAV of GPP
364 (Cost!4V). We parameterized and forced the Baoy, model, and the Baogq model using

365 hourly and daily data, respectively to perform a comparative analysis (Table 2). The PXY
366 model and the Py, model were only parameterized and forced using hourly data (Table

367 2).

368 We used Python (Python Core Team, 2021) implementation (pycma v3.3.0.1) of

369 the Covariance Matrix Adaptation Evolution Strategy (CMA-ES) (Hansen & Kern, 2004;
370 Hansen et al., 2019) as our global search algorithm to find the values of model param-

371 eters for which cost function reached its minimum. This is a derivative-free, evolution-

372 ary algorithm, which is designed to find global minima in a rugged parameter space.

373 Cost;, = (1 — GPPynsg,) + (1 — ETNNsE,) ©))
374 Cost,,, = (1 = GPPnnsg,) + (1 — ETnnsE,) + Costidgear + C0Stpon_ideal (10)
315 A robust cost function is a necessity for the numerical optimizer to find the global

376 minimum. The cost functions for PXY, Py, models (Cost;,,) and the Baoy,, Baogg mod-

377 els (Cost;,,, ) were calculated as Eq. (9) and (10), respectively, in case of per site-year
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Table 2. Description of models and tasks accomplished with each specific model. The tasks are
described in the footnote of the table.

Models Description Parameterization strategies
per per site per site per global
site— using PFT
year Cost!AV
Pur P-model of Mengoli et al. a, d a, d a, d a, d a, d
(2022)

parameterized using
hourly data

pW P-model of Mengoli et al. a,b,d,e a,b,d,e a,b,de a,b,de a, b de
(2022)

with an additional
constraint on

drought stress and

parameterized using
hourly data

Baoy, LUE model of Bao et al. a,c,d,e a,c,d e a,c,de a,c,de acde
(2022)
parameterized using
hourly data

Baogq LUE model of Bao et al. a,c,d a, c,d a, ¢, d a, c, d a, ¢, d
(2022)
parameterized using daily
data

a: evaluation of model performance across timescale with different model types, parameterization
strategies, and cost functions.

b: evaluation of a mechanistic model with an explicit drought stress function.

c: evaluation of a semi-empirical model with different temporal resolutions of data used for model
parameterization.

d: factors behind variability of model performance across timescales.

e: variability of annual model performance with model performance in simulating diurnal gross
primary productivity (GPP) peaks.

and per—site parameterization. Here, i is either a site or site—year based on parameter-
ization type. For PFT-specific model parameterization, the cost functions were Zivzpf T Cost;,
and vazpf T Costig,, for P?ﬁf, Py models and Baoy,,, Baogq models, respectively. ¢ denotes

a site and Nppr denotes the total number of sites in a specific PFT. In the case of global
model parameterization, the cost functions were Zf\]:l Cost;, and Zf\]:l Cost;,,, for the

PX‘; model and Baoy,,, Baogq models, respectively. i denotes a site and N denotes the

total number of sites used in this study.
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1
Ny, . 2
NSE. — 1 — t:i (Uweightt,i ‘ (ECtz - Szmt,i))

t,i =) 2
Zi\;i (Uweightf,,qz (EC,i — Ect,i))

o¢.i — min(o;)
. =1- d 13
Oweightr,i maz(o;) —min(o;) (13)

GPPnnse, and ETynsg, were calculated (Eq. 11) as a weighted normalized NSE,
viz. NNSE (Hundecha & Merz, 2012) between the time series of good quality data points
(see Appendix B for the selection criteria) of EC derived and simulated GPP and ET,
respectively. The GPP and ET derived from EC measurements are denoted as GP Pgc
and ETy g, respectively. The simulated GPP and ET are denoted as GPPs;,,, and ETg;m,
(see Fig. S1 for calculation of ETy;,,), respectively. We considered ET as well in our cost
function to better constrain the parameters of the simple hydrological model used in this
study. The NNSE values (Nash & Sutcliffe, 1970) are between zero and one, where one
is the best, and zero is the worst agreement between observed and simulated data. Here,
we used these normalized values so that minimizing (1— NNSFE) always results in bet-
ter model performance in comparison to using (1—NSE), where NSE can have values
between —oo (worst agreement) and one (best agreement). In Eq. (12), N, is the to-
tal number of good quality data points from each timestep ¢ for a site—year or site i. o
in Eq. (13) is random uncertainty (which is the standard deviation of fluxes in a slid-
ing window of +5 days and +1hour of the time-of-day of the current timestamp) of NEE
or ET (Table Al).

Costigear = (1 — mazx(fT,)) + (1 — maz(fVPD,)) + (1 — max(fW,)) (14)
+ (1 — max(fL,))) - 103
Coston_idgear = 3 _((fTr — 05r)(T < 0°C & fT, > Osr)) (15)

T

+Y ((fVPD, — 0svpp)(VPD > 2000Pa & fVPD, > 0y pp))

+ 3 (W = Opw ) (W < 0.01 & W, > 0pw)

The Costigeqr and Costyon_idear Were introduced as a regularizers in Cost;,,,, to avoid
over-fitting of the sensitivity functions (Bao et al., 2022, 2023). These cost function com-
ponents ensure that values of partial sensitivity functions were not penalized and favoured
under ideal and non-ideal conditions, respectively. The ideal and non-ideal conditions
were determined by certain constant thresholds for all sites. Equation (14) ensured that
the partial sensitivity functions, fT (Eq. 2), only left part of the fVPD (Eq. 4), fW (Eq.
7) and fL (Eq. 5) approaches one, when certain ideal environmental conditions (PPF D
€ [0 to 600 gmol photons-m~2-s71], fAPAR € [0 to 1], T € [-5 to 40 °C], VPD € [0
to 4500 Pa], W € [0 to 1]) occur (these ranges are denoted by subscript ), so that the
Emaz 0 Eq. (1) reaches its maximum potential. The factor 103 in Eq. (14) was included
to match the ranges of all other components in the cost function for the Baoy,, Baogq
models (Cost;,, ) so that all the components had equal weight. Equation (15) penalized
the cases when the values of fT (Eq. 2), only left part of fVPD (Eq. 4), and fWW (Eq.

7), were greater than a certain threshold (6;7 = 0.2, 8;vpp = 0.9, 6w = 0.2) under non-
ideal conditions (T" < 0 °C, VPD > 2000 Pa, W < 0.01) for photosynthesis.
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Cost{2V = (1 — GPPynsg,) + (1 — GPP}ygp,) + (1 — ETynse,) (16)

Cost{V = (1 — GPPynsg,) + (1 — GPPYygp,) + (1 — ETynsg,) + Costigear  (17)
+ Costpon_ideal
1
GPPY = 18
Ny i Y Yy oY 2
y t=1 (JMeight,,‘i : (Ect,i - Sth,i))
GPPYgp =1~~~ — (19)
=1 <Uz;eightt,i : (Ectyz - Ecgl1))

1 of ; —min(o}) 20)
- max(c!) — min(ay)

ECY, = Z EC; 5 simy; Z 1My yi5 OF; Zot,% (21)

t=1

Yy
o'weightt’i

In the case of per—site—year parameterization using cost functions in Eq. (9) and
(10), we fitted the model so that the annual average of GPP can be captured well for
each site-year. Whereas, in the case of per—site parameterization using cost functions
in Eq. (9) and (10), the model was parameterized for each site. We performed another
experiment as a balance between these two experiments using the Coost!4" | which is sim-
ilar to Desai (2010) to put an additional constraint on IAV, and parameterized P\Y, Py,
Baoy,, and Baogq models for each of the EC sites. The cost functions, Costl AV for Phr7
Py, models (Eq. 16) and Cost“‘v for Baoy,, and Baogq models (Eq. 17) now include
an additional term (1 — GPPNNSEi) to constrain the annual cumulative sum of GPP
flux from each site i. ECY;, sim{;, and o, (Eq. 21) are cumulative sums of GPPgc,
GPPsjpm, and oygp from start of each year y to timestep ¢ for each site i, respectively.

2.4 Simulating and evaluating GPP estimates
2.4.1 Forward runs

In the case of the site—year parameterization, we performed a forward run for each
site—year using the respective set of calibrated parameter values and forcing data for that
year. Afterwards, we concatenated G P Ps;,,, from all the years for a given site to assess
model performance. For per-site parameterization using Cost!4V, and per-site param-
eterization, we used site-specific values of calibrated parameters to perform site-level model
evaluation. We also applied calibrated model parameters for a certain PFT to simulate
GPP at all the sites which belong to a certain PFT. Similarly, for the global parame-
terization, a single set of calibrated parameter values was used to simulate GPP for each
site.

2.4.2 Model performance metrics

We performed forward runs at an hourly scale and averaged the hourly simulations
to daily, weekly, monthly, and annual temporal frequencies to calculate model perfor-
mance measures at different temporal aggregations. Model performance was only eval-
uated for temporal aggregations from daily to annual for the Baogq model. We applied
a data screening procedure (Appendix C) before calculating model performance mea-
sures. We evaluated how well a model can simulate the TAV of GPP based on how well
a model simulated the annual average GPP for a site. In this study, we performed most
of our analysis using NSE (Nash & Sutcliffe, 1970) and normalized NSE, viz. NNSE (which
is 5g) as NSE indicates the degree to which scatter between observed and simulated
data fits to the 1:1 line. In addition, we calculated the square of the Pearson correlation
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coefficient (R?) (PCC, 2008) which explains whether the dispersion of observed and sim-
ulated data matches and in the case of an unbiased model, values of NSE will be closer
to values of R%. Whereas, if a model is systematically biased, it will result in higher R?
values, but bad NSE values (Krause et al., 2005). We also calculated Root Mean Squared
Error (RMSE) (Chai & Draxler, 2014) to quantify how closely the mean of simulated
data matches with the mean of the observed data.

NSE =2-ansg -7 — &gp — 2 (22)
Osi
ANSE — m (23)
OEC
Msim — HEC
Bn=—""" (24)
OEC

Moreover, using Eq. (22) to (24), we decomposed NSE values to linear correlation
(r), relative variability (ansg), and bias (5,) in some cases to investigate which of these
were improved or diminished between different model parameterization strategies (Gupta
et al., 2009). In Eq. (23), and (24), osim and ogc are standard deviations of GP Ps;p,
and GPPgc, respectively, psim and pgpc are mean GPPs;,,, and GP Pgc, respectively.
We calculated these metrics using the Python (Python Core Team, 2021) package Per-
metrics v1.5.0 (Van Thieu, 2023; Van Thieu & Mirjalili, 2023), and the definition of each
of the model performance metrics can be found in the package documentation.

2.4.3 Factors associated with simulating GPP flux

We selected potential factors that can affect model performance at different tem-
poral resolutions. These factors can be of two types. There were factors which we de-
termined based on our experiment design, which included model types (P}¥ model, Py,
model, Baoy, model, and Baogq model), parameterization strategies (per site-year, per
site using Cost!V | per site, per PFT, and global parameterization), number of years
with good quality data (Appendix C) in a site. Whereas, other factors represent site-
specific characteristics, including PFT, KG climate class, and climate—vegetation types.

First, we conducted Levene’s test (Levene, 1960) to find out if the assumption of
homoscedasticity is fulfilled across groups in the controlling factors. Then, we performed
an N-way Analysis of Variance (ANOVA) (Kaufmann & Schering, 2014) with the po-
tential controlling factors to determine which of them played a major role in determin-
ing model performance at hourly and annual temporal scales. For analysis at an hourly
scale, the Baogq model was not included as this model produced simulations at a daily
scale. We performed two N-way ANOVA analyses once including the performance of the
Pp, model, and then excluding the performance of the Py, model. The Levene’s test and
N-way ANOVA analyses were implemented using SciPy v1.11.3 (Virtanen et al., 2020)
and statsmodels v0.14.0 (Seabold & Perktold, 2010), respectively.

2.4.4 FEvaluating GPP estimates in water—limited ecosystems

We investigated to determine whether explicit accounting of the drought stress func-
tion in the P?X model had improved its performance at arid sites. For this purpose, we
chose the aridity index (AI) to determine which sites were arid or semi-arid, as this in-
dex provided a numerical representation of moisture availability (Zomer et al., 2022) at
a location. The AI values were calculated by dividing the average precipitation (P) per
hour by the average potential evapotranspiration (PET) per hour for the whole obser-
vation period at a site.

We drew examples from a few site-specific results to highlight different aspects of
the behaviour of PK and Py, models for ecosystems with contrasting soil moisture con-
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trols on GPP and with a larger availability of good—quality measurements. For this pur-
pose, we chose a water—limited semi-arid site (annual average precipitation of 318 mm)
in central Australia (Alice Springs, AU-ASM). This site also features a complex mixture
of Mulga woodland and savanna (Cleverly et al., 2013; Pastorello et al., 2020). In con-
trast, we also highlighted the behaviours of Pg and Py, models in an irrigated cropland
(Mead - irrigated continuous maize site, US-Nel) in the mid-western U.S.A (Amos et
al., 2005; Pastorello et al., 2020).

2.4.5 Effect of temporal resolution of data used for model parameter-
ization on model performance

We parameterized the LUE model of Bao et al. (2022) with hourly and daily data
for Baoy, model and Baogq model, respectively. We performed a comparison between
these two versions of the model to highlight whether the resolution of data used for model
parameterization can substantially affect the prediction of the annual average or IAV of
GPP fluxes. Here, we also drew a site-specific example from an energy—limited decid-
uous forest in central Germany (Hainich, DE-Hai) as this site had a very long observa-
tion period (Knohl et al., 2003).

2.4.6 Fvaluation between modelling experiments of various complexi-
ties

We formulated our experiments using models and parameterization strategies con-
sisting of varying numbers of model parameters to be calibrated. The number of param-
eters calibrated for a detailed parameterization strategy, such as per site-year param-
eterization was substantially higher than a generic parameterization strategy, such as global
parameterization. We used Akaike’s Information Criterion (AIC) to investigate whether
a complex modelling experiment with a higher number of parameters can better simu-
late GPP (Burnham & Anderson, 2004).

Z(ECZ — simi)2

n

AIC =nlog < ) + 2K (25)

2K (K +1)
n—K-—1

AICC:nlog< >+2K+

Following recommendations of Burnham and Anderson (2004), we used Eq. (25)
to calculate AIC when n/K > 40, where n is the total number of observations and K
is the total number of parameters. Otherwise, we used a corrected version of AIC (AIC,,
Eq. 26). Though the values of AIC or AIC. can be in any range, the lowest value of AIC
or AIC, determines the preferred modelling experiments. EC; and sim,; are i'" obser-
vations of EC-derived GPP and simulated GPP, respectively in Eq. (25) and (26). We
considered G P Ps;, from all the four variations of models, i.e., P;X model, Py, model,
Baoyp, model, and Baogq model for calculation of AIC or AIC.. We calculated AIC at
hourly and daily aggregations by concatenating good quality (Appendix C) hourly or
daily data, and daily averages GPPgc and GP Ps;,, from all the days from all sites. Sim-
ilarly, we used monthly and annual aggregations for calculating AIC. at monthly and
annual scales, respectively. AIC, was calculated at monthly and annual aggregation, as
n was usually smaller than K in these cases. The value of K was the total number of
model parameters calibrated for all the site—years, for all the sites, for all the PFT, and
for a specific model in case of per site—year parameterization, per site parameterization
using Cost! AV, per site parameterization, per PFT parameterization, and global param-
eterization, respectively.
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2.4.7 Simulating GPP peaks

We assessed model performance in predicting peak GPPgc. We defined peak GPPgc
and peak GPP,;,, as the 90" percentiles of hourly GPPgc (P90¢ppy.) and GP Py,
(P90¢pp.,,, ), respectively, following the concept of good hours by Zscheischler et al. (2016)
and Fatichi and Ivanov (2014). We calculated P90gpp,. and P90gpp.,,,, for each site—
year considering only good quality hourly data (Appendix B). We compared the ratios
of peak GP Py;,, from Pﬁ‘r’ model and Baoy, model to GPPg¢ for each parameterization
strategy in order to identify possible biases.

ANNSEpgy = NNSEhy, — NNSEL, (27)
ANNSE, = NNSE]' — NNSE}? (28)

We furthermore investigated whether improving the simulation of peaks of GPPg¢
improved the simulation of IAV of GPP. We calculated NNSE between P90gpp,. and
P90¢pp,,, (NNSE},,) from all the site-years in a site considering only good site—years
and only for sites with more than 3 years of good quality data (Appendix C) for a pa-
rameterization strategy j. Similarly, we calculated NNSE between the annual average
of GPPgc and GP Py, (NNSEZ) for sites with more than 3 years of good quality data
(Appendix C) for a parameterization strategy j. Then, differences between NN SE{}QO
and NNS Eiz were calculated for a pair of parameterization strategies where j1 and 52
are two different parameterization experiments, for both P}¥ model and Baoy, model (Eq.
27 and 28). Correlation between ANNSEpgy and ANNSE, were then investigated to
study whether a certain parameterization strategy for a given model better captured the
GPPgc peaks, and thus contributed to higher annual model performance.

3 Results
3.1 Overall model performance

All four models, i.e., P\¥, Py, Baoy,, and Baoqq models performed significantly bet-
ter at the hourly scale than the annual scale (Fig. 2). The use of an additional constraint
on IAV, i.e., Cost!4V did not contribute to better model performance across sites at an
annual scale and performed closer to parameterization per site and poorer than site—year
parameterization (Fig. 2). The median model performance was highest for the model
parameterization per site—year among all model parameterization strategies (per site—
year, per site using Cost!4V | per site, per PFT, and global parameterization) for all four
models (Table D1). Model parameterization per site-year also produced the best model
performance at all temporal aggregation levels including annual aggregation (Fig. 2 and
Sect. S2.1). PY¥ model performed substantially better for the majority of the sites com-
pared to Py, model at all temporal aggregation levels as it explicitly considered site-specific
water availability (Fig. 2 and Sect. S2.1). Comparison of model performances at differ-
ent temporal aggregations also revealed that Baoy, and Baogq models performed slightly
better than the P}¥ model across all timescales (hourly, daily, weekly, monthly, and an-
nual), as the Baoy, and Baogg models were more flexible than the P?X model and cap-
tured ecosystem response with a broad range of parameters (Fig. 2, Table D1 and Sect.
S2.1). For example, the median NNSE(s) at the hourly resolution were 0.827 and 0.853
for the P}Y model and the Baoy, model, respectively. Conversely, at the annual resolu-
tion, the median NNSE(s) were 0.543 and 0.661 for the P}V model and Baoy, model, re-
spectively.
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Figure 2. Distributions of model performance measure (normalized Nash-Sutcliffe efficiency,
viz. NNSE) at hourly/daily scale (first row) and at annual timescale (second row) from P-model
of Mengoli et al. (2022) with drought stress, parameterized at hourly scale (P} ), P-model of
Mengoli et al. (2022) without drought stress, parameterized at hourly scale (Py.), global best
model of Bao et al. (2022) parameterized at hourly scale (Baop,), and global best model of Bao
et al. (2022) parameterized at daily scale (Baoga). For the Baoqq model, subplot (d) shows model
performance at daily scale as this model was parameterized at daily scale. Cost’*Y denotes the
usage of an additional constraint on annual gross primary production flux during per—site pa-
rameterization. The dotted vertical lines represent the median model performances, which are
summarized in Table D1. The numbers in parentheses beside the model name on top of each of
the sub-figures represent the total number of sites. The model performance at an annual scale

was calculated for fewer sites as some sites have a very low measurement period (Appendix C).

3.2 Factors behind variability in model performance

We summarized the percentage contributions of factors which influenced model per-
formance at hourly and annual scales and found that most of the variability in model
performance came from how we designed our modelling experiments (Fig. 3). Model types
was a crucial factor when the Py, model was included in N-way ANOVA analysis, as this
model had comparatively poor performance at both hourly and annual scales and resulted
in greater variability in the NNSE values (69% and 60% contribution to the sum of squares
of the regression, viz. SSR in hourly and annual scale, respectively). We then excluded
the Py, model from further analysis to uncover the other factors behind the model per-
formance and found that for the hourly scale, the model performance varied the most
across the groups of KG classes (31.4% contribution to the SSR), followed by parame-
terization type (31.0% to the SSR) and climate—vegetation type (23.2% contribution to
the SSR) (Fig. 3). However, at an annual scale, the parameterization strategy strongly
affected (71.7% contribution to the SSR) the model performance, as per—site-year pa-
rameterization usually better simulated the annual GPP,s compared to other param-
eterization strategies. The number of good years (Appendix C) used for calculating an-
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nual NNSE also exerted a small influence (3.8% contribution to the SSR) on the annual
model performance. In general, there were only slight performance differences between
models when the Py, model was not considered, and model parameterization played a
bigger role in the variability of model performance.

Hourly NNSE |
(including Py, model)

Annual NNSE |
(including Py, model)

Hourly NNSE |
(excluding Py, model)

Model performances [-]

Annual NNSE |

° °
(excluding Py, model)

0 10 20 30 40 50 60 70
Percentage contribution to sum of squares [%)]

Model Number of good site years Koppen—Geiger climate classes (KG)

Parameterization strategy Plant-functional types (PFT) ® Climate—vegetation type

Figure 3. Percentage contributions of factors influencing variability in model performance
(normalized Nash-Sutcliffe efficiency, viz. NNSE) in the sum of squares in N-way Analysis of
Variance (ANOVA). The percentage contributions show the influence of various factors on hourly
and annual model performance when the P-model (Mengoli et al., 2022) without any explicit
drought stress function, parameterized at hourly scale (Pn, model) was considered in the analysis,
as well as on hourly and annual model performance excluding the Py, model. The sum of squares
of residual was removed before plotting the percentage contributions of the factors and only the

explained variance is shown.

3.3 Effect of drought stress on model performance

The performance of the P}V model to predict the annual average of GPPg¢ from
each of the site—years substantially improved in comparison to Py, model (from an NSE
of -0.94 to 0.93) after explicit consideration of soil water supply in the model (Fig. 4).
Most of this improvement came from the better prediction of the annual average of GPPg¢
at the arid and semi-arid sites (with AI values lower than 0.5). For the semi-arid site (AU-
ASM) the predicting performance of the PX‘; model for all the parameterization strate-
gies largely benefited from the explicit inclusion of soil water supply constraints (Fig.
5). The systematic bias in model simulations was also improved after the inclusion of
a drought stress constraint, as well as the modelling bias also improved from a gener-
alized to a detailed parameterization strategy. Although the coupling of a simple hydro-
logical model which calculated water—availability based on precipitation and evapotran-
spiration and inclusion of drought stress function generally improved the PV model for
most of the site-years at an arid site, the model failed to capture the GPPgrc (Sect. S2.2,
Fig. S6) at an irrigated cropland site (US-Nel), as the simple hydrological model which
we used to calculate water—availability lacked representation of human management.
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Figure 4. Scatter plot of the annual average (from good quality site—years, see Appendix C)

of eddy covariance measurements derived gross primary production (GPPgc¢) versus simulated
gross primary production (GP Psiy,) from P-model of Mengoli et al. (2022) parameterized at
hourly scale (a) without drought stress (Pn, model) and (b) with drought stress (P model).
The results in this plot are from parameterization for each site—year. We only used good—quality
site—years in this figure (Appendix C). The dots in the scatter represent a site—year and are
coloured by the aridity index (AI) of the site. The model performance metrics (Nash-Sutcliffe
efficiency, viz. NSE) are shown at the top of each subplot. The equations of fitted regression lines

are shown in respective subplots.

3.4 Effect of temporal resolution of the data used for model parame-
terization on model performance

The use of hourly data to constrain Baoy, model parameters and aggregating hourly
values of GPPy;,, to annual scale did not have a significant effect on the Baoy, model
performance in comparison to parameterization of the same model with daily data, i.e.,
Baogq model, in simulating the annual average of GPPg¢ (Fig. 6) for each site—year.
The value of NSE slightly decreased from 0.964 to 0.956 for the Baoy, model compared
to the Baogq model, and both models performed almost equally well. Here, for the Baoy,
model, we also focus on a site-specific example at a site (DE-Hai) in central Germany
with a deciduous broadleaf forest where the Baoy, model proved to be capable of sim-
ulating annual average of GP Pgc flux relatively well when the model was parameter-
ized for each site-year and each site (Fig. 7). However, GPPrc was underestimated in
cases of PFT-specific and global parameterization. For this specific site, the Baoy, model
performed relatively better in comparison to Baogq model (Fig. 7 and S7).

3.5 Role of parameterization strategies on model performance

Model performances at an annual scale generally increased with a more detailed
parameterization strategy (Fig. 8). For the PX\; model, the median differences in annual
model performance between the most detailed parameterization strategy, i.e., site—year
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Figure 5. Comparison of annual average of gross primary production (GPP) derived by eddy
covariance measurements (GPPgc), and GPP simulated (GPPs;,) by the P-model of Mengoli
et al. (2022) parameterized at hourly scale without drought stress (P, model) and with drought
stress (P}y model). The five subplots show simulated GPP from (a) site-year specific param-
eterization, (b) site-specific parameterization using an additional constraint on inter—annual
variability in the cost function (Cost’*"), (c) site-specific parameterization, (d) plant—functional
types (PFT) specific parameterization, and (e) global parameterization. The values of model
performance measures (Nash-Sutcliffe efficiency, viz. NSE, correlation coefficient, viz. r, relative
variability, viz. anse, and bias, viz. 8,) are shown on top of respective subplots. This site is
dominated by Mulga (Acacia aneura), and had an annual average temperature of ~22 °C, and
an annual average precipitation of ~318 mm during the observation period (Cleverly et al., 2013;
Pastorello et al., 2020). The site ID, PFT, and Képpen—Geiger climate class (KG) of the site are
provided on top of the figure in bold.

parameterization, and other detailed parameterization strategies, i.e., per site param-
eterization using Coost’4V and per site parameterization were small, which were 0.12,
and 0.11, respectively. In contrast, the median differences in annual model performance
between the most detailed parameterization strategy, i.e., site—year parameterization, and
other generalized parameterization strategies, i.e., PFT-specific parameterization, and
global parameterization were quite large, which were 0.28, and 0.37, respectively. Sim-
ilarly, for the Baoy, model, the median differences in annual model performance between
the most detailed parameterization strategy, i.e., site—year parameterization, and other
detailed parameterization strategies, i.e., per site parameterization using Cost’4V and
per site parameterization were 0.20, and 0.21, respectively. In contrast, the median dif-
ferences in annual model performance between the most detailed parameterization strat-
egy, i.e., site—year parameterization, and other generalized parameterization strategies,
i.e., PFT-specific parameterization, and global parameterization were 0.36, and 0.50, re-
spectively. The positive values of median annual model performance confirm the high-
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Figure 6. Scatter plot of annual average (from good quality site-years, see Appendix C) eddy
covariance derived gross primary production (GPPgc) versus simulated gross primary production
(GPPsim) by the light use efficiency model of Bao et al. (2022) parameterized at hourly (Baonr
model) and daily scale (Baoaa model) for each site—year. The plots show the performance of the
(a) Baony model, and (b) Baogad model. The dots in the scatter represent a site—year. The model
performance metrics (Nash-Sutcliffe efficiency, viz. NSE) are shown on the top of each subplot.

The equations of fitted regression lines are shown in respective subplots.

est median performance of site—year parameterization compared to the other four pa-
rameterization strategies.

At an hourly scale, differences in model performance between a pair of similar pa-
rameterization strategies, such as a pair of detailed parameterization (i.e., between site—
year-specific and site-specific) or a pair of generalized parameterization (i.e., between per
PFT and global) approaches for both models were small (Fig. S8). However, this dif-
ference can be higher between a detailed and a generalized model parameterization strat-
egy. The median differences in hourly NNSE between site—year-specific and site-specific
model parameterization were 0.02 and 0.01 for the PK model and Baoy, model, respec-
tively. In contrast, the median differences in hourly NNSE between site-year-specific and
global model parameterization were 0.11 and 0.16 for the PX‘{ model and Baoy,; model,
respectively.

The median annual model performance between per—site parameterization using
Cost’4V and per-site parameterization were relatively small, which were 0.01 and 0.02
for Pg model and Baoy, model, respectively, and it shows the additional constraint on
TAV of GPP flux in the cost function did not substantially improve annual model per-
formance. At hourly scale, the median differences in model performance between per—
site parameterization using Coost!4V and per-site parameterization were also negligible,
which were 0.00 and -0.01 for P}V model and Baoy,, model, respectively. Though the per—
site parameterization using Cost’4V did not improve the annual model performance, it
also did not degrade the hourly model performance.
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Figure 7. Comparison of annual average of gross primary production (GPP) derived by eddy
covariance measurements (GPPgc), and GPP simulated (GPPs;y,) by the light use efficiency
model of Bao et al. (2022), which was parameterized with hourly data (Baon, model). The five
subplots show simulated GPP from (a) site—year specific parameterization, (b) site-specific pa-
rameterization using an additional constraint on inter—annual variability in the cost function
(Cost'Y), (c) site-specific parameterization, (d) plant—functional types (PFT) specific parame-
terization, and (e) global parameterization. The years 2010 to 2012 could not be parameterized
in the case of site—year parameterization, as there were no good quality evapotranspiration es-
timates from latent heat flux measurements for those years. The values of model performance
measures (Nash-Sutcliffe efficiency, viz. NSE, correlation coefficient, viz. r, relative variability,
viz. ansg, and bias, viz. 3,) are shown on top of respective subplots. This site represents an
average 140-year-old deciduous forest (Tamrakar et al., 2018) with a distinct seasonal cycle and
an annual average temperature of 8.3 °C, and an annual average precipitation of 750-800 mm
during the observation period (Knohl et al., 2003; Pastorello et al., 2020). The site ID, PFT, and
Koppen-Geiger climate class (KG) of the site are provided on top of the figure in bold.

3.6 Differences between modelling experiments involving a mechanis-
tic and a semi-empirical model structure

The lowest AIC values were obtained for per site-year parameterization for all the
models at hourly and daily scales or aggregations, suggesting the sum of squares errors
(SSE) was substantially reduced even when a comparatively complex parameterization
strategy with a large number of model parameters was chosen (Table 3). The AIC val-
ues gradually increased from per site—year, per site, per PFT to global parameterization
at hourly and daily scales or aggregations for all three models which are PX‘YI model, Baoy,
model, and Baogq model (Table 3). Semi-empirical models, i.e., Baoy, model and Baogq
model also had mostly lower values of AIC compared to mechanistic P}V model even though
more parameters were parameterized for these models (Table 3). At the daily scale, the
Baogq model had the lowest AIC for all the parameterization experiments due to the pa-
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Figure 8. Distributions of the differences between model performance measures (normalized
Nash-Sutcliffe efficiency, viz. NNSE) calculated at annual scale, from various pairs of model pa-
rameterization experiments conducted for the P-model of Mengoli et al. (2022) with drought
stress, parameterized with hourly data (P} model) and the light use efficiency model of Bao et
al. (2022), parameterized with hourly data (Baon, model). Cost’4V in parentheses denotes the
usage of an additional constraint on annual gross primary production flux during per—site param-
eterization. The boxes are spanned between the first and third quartiles of the differences, and
the line in the middle represents the median. The whiskers show the farthest data point from the
box within 1.5x of the interquartile range. The circles represent the outliers that go beyond the
limits of the whiskers. The vertical dotted grey line separates each pair of model parameteriza-

tion strategies.

rameterization at daily scale. Whereas, for the other two models, parameterization and
forward runs were performed at an hourly scale and then simulations were aggregated
to daily resolution. The Py, model was not included in AIC or AIC, analysis as previ-
ous results proved this model significantly underperformed compared to the other mod-
els, and this will always result in higher AIC or AIC, values.

At monthly and annual scales, we show the differences in AIC. values between P\,
Baoy,;, and Baogq models for the same parameterization strategy, and not between pa-
rameterization strategies in a same model. The reason behind this is AIC. values largely
depend on the relationship between sample size, i.e., n, and the total number of param-
eters which were parameterized, i.e., K. The values of AIC. became very large even when
a significantly smaller SSSFE was obtained, and they became unreliable when the value
of n was closer to K. For example, at monthly aggregation, per site—year parameteri-
zation of the P}V model had a very high AIC, value of 1.30x10° even when it had the
lowest SSE among all the five parameterization strategies (Table S3, S4, and S5). The
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Baogq model proved to be better able to capture the seasonal cycle, i.e., monthly GPP
estimates compared to the other two models for most of the parameterization experiments
considering the number of parameters parameterized (Table 3). However, the P}Y model
had the lowest AIC, value in the case of per site parameterization using Cost!4" and

per site parameterization at monthly aggregation. In contrast, at an annual scale, the

P model had mostly the lowest AIC. values, and some of the experiments also suffered
from the above-described unreliable AIC, estimates, where n and K had similar values
(Table 3, S3, S4, and S5).

Table 3. Akaike’s Information Criterion (AIC) or corrected AIC (AIC.) values for modelling

experiments of various complexities

Temporal Models parameterization strategies
scale/
aggregation per per site per site per PFT global

site—year using

Cost!av

Hourly pY 1.72x107 1.84x107 1.86x107 2.16x107 2.25%107
scale (AIC) Baoy, 1.57x107 1.71x107 1.78x107 2.11x107 2.41x107
Daily pWV 458 x 10°  5.05x 10°  5.11x10°  6.88x 105  7.42x 10°
scale/ Baoy, 3.86 x 10°  4.35x 10°  4.50 x 10°  6.74 x 105  8.00 x 10°
aggregation Baogq 2.78 x 10°  3.25 x 10° 344 x10°  5.10 x 10°  5.65 x 10°
(AIC)
Monthly pY 1.30 x 106 1.63 x 10*  1.63 x 10*  2.04 x 10*  2.25 x 10*
aggregation Baoy, —4.71 x10* 1.81 x10*  1.77x10*  2.01 x 10*  2.42 x 10*
(AIC,) Baogq -3.39x10* 1.70x10*  1.73x10* 155 x10*  1.79 x 10*
Annual pW —3.56 x 10> —5.22x10% —5.56 x 10> 9.09 x 10> 9.28 x 10?
aggregation Baoy, -3.93x10% —-3.87x10% —4.07x10% 1.45 x 103 1.21 x 103
(AIC,) Baogq —3.70x 10> —3.51x10® —-3.53x 10> 1.10x 10>  8.31 x 10?

3.7 Model performances across different plant—functional types

Generally better model performances were achieved with both the PL’Y model and
the Baoy, model when parameterized detailed model parameterization strategies were
used (Fig. 9). In this analysis, we removed the per—site parameterization experiment us-
ing Cost!AV as it performed very similar to per-site parameterization, and also we did
not consider the Py, model as it produced poor performance across all the PFTs. The
highest median NNSEs were obtained with per—site—year parameterization for all the PFTs.
For the Pﬁ‘r’ model parameterization experiments, the highest median value of NNSE was
found for CSH for per—site—year parameterization (median NNSE: 0.88), DBF for per—
site parameterization (median NNSE: 0.85), CSH and DBF for per-PFT parameteriza-
tion (median NNSE: 0.81), and CSH for global parameterization (median NNSE: 0.80).
However, CSH had only three sites and highest median model performance for CSH should
be interpreted with caution. For the Baoy, model parameterization experiments, the high-
est median value of NNSE was found for DBF for per—site—year parameterization (me-
dian NNSE: 0.89), DBF for per—site parameterization (median NNSE: 0.88), MF for per-
PFT parameterization (median NNSE: 0.84), and DBF and MF for global parameter-
ization (median NNSE: 0.77). We found similar results also for climate—vegetation types
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730 (Sect. 2.2), where a more detailed parameterization strategy achieved higher model per-
731 formance than a generalized parameterization strategy (Sect. 2.6 and Fig. S9).
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Figure 9. Box-plots showing the range of the hourly model performance metric (normalized
Nash-Sutcliffe efficiency, viz. NNSE), for the sites in different plant—functional types (PFT), and
different parameterization experiments. The subplots show the model performance for (a) P-
model of Mengoli et al. (2022) with drought stress function, parameterized with hourly data (P}
model), and (b) the light use efficiency model of Bao et al. (2022) parameterized with hourly
data (Baonr model). The numbers in parentheses beside the name of each PFT on the x-axis are
the number of sites present in a specific PFT. The boxes are spanned between the first and third
quartiles of NNSE values, and the line in the middle represents the median. The whiskers show
the farthest data point from the box within 1.5x of the interquartile range. The circles represent
the outliers that go beyond the limits of the whiskers. For, deciduous needle-leaf forests (DNF),
and areas covered by snow (SNO) only the median value could be shown as these PFTs have only

one site. The vertical dotted grey line separates each PFT.

73 3.8 Correlation between annual model performance and model perfor-
733 mance in simulating diurnal GPP peaks
734 One of the crucial reasons behind poor annual model performance (Fig. 2 and Ta-

735 ble D1) can be the inability of both the P}¥ model and the Baoy, model to capture the
736 peaks of GPPgrc (Fig. S10). Specifically, P90¢pp,., was highly underestimated in the

73 case of global parameterization. The median of the ratio of P90¢pp,,,, to P90cprpr..

738 were 0.77 and 0.53 for the P}V model and the Baoy, model, respectively, during global
730 parameterization. The underestimation generally decreased with more detailed param-
740 eterization strategies with little differences between both the models. The median val-
741 ues of the ratio of P90gpp,,,, to P90cpp,. were 0.95 and 0.93 for the site-year param-
742 eterization of the PXY model and the Baoy, model, respectively. Moreover, the lower val-
743 ues of the interquartile range (IQR) of these ratios signify the importance of site—year
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parameterization compared to per PFT or global parameterization to reliably capture

the peak GPPg¢ in diurnal cycles for most of the sites and to attain better model per-
formance at the sub-daily scale. The values of IQR were 0.1 for both the P}¥ model and
the Baoy, model in the case of site—year parameterization, 0.44 and 0.38 for the PK model
and the Baoy, model, respectively in the case of PFT-specific parameterization, and 0.44
and 0.42 for the P}V model and the Baoy, model, respectively in the case of global pa-
rameterization.

We further found that if a certain parameterization strategy better simulated the
P90¢pp, for each site-year, it corresponded to a comparatively better annual model
performance for a site which is demonstrated by the positive values of Pearson correla-
tion coefficients (Fig. 10). Here also, a detailed parameterization strategy, such as site—
year parameterization resulted in a better simulation of P90¢pp,., and thus better an-
nual model performance for most of the sites compared to a generalized parameteriza-
tion strategy, such as global parameterization. In this case when j1 was site—year pa- .
rameterization and j2 was global parameterization, 91% and 93% sites had higher NN SE{}QO
than NNSE?}QO and corresponding NNSEZl than NNSE%2 for the P}Y model and the
Baoy, model, respectively. When j1 was parameterization per site using Cost’4" and
J2 was parameterization per site, respectively, only 34.43% and 41.8% had positive val-
ues of ANNSEpgq (i.e., NNSEhy, > NNSE}) and corresponding ANNSE, (i.c.,
NNSE;1 > NNSE?JJQ) for the PXX model and the Baoy, model, respectively. This sig-
nified that using an additional constraint related to the IAV of GPP in the cost func-
tion during model parameterization did not improve the prediction of peak GPP values
for most of the sites.

4 Discussion
4.1 Uncertainties in modelling experiments

Any model-data—integration study is prone to uncertainties related to both data
and the model. The EC dataset used in our study has a couple of well-known uncertain-
ties. For example, the NEE measurements from eddy covariance can have uncertainties
due to the accumulation of atmospheric CO2 under the canopy at night (storage) and
a sudden turbulent mixing during the morning when the stable nighttime boundary layer
breaks up, or because of advection of atmospheric CO5 out of the control volume sam-
pled by the eddy covariance system (D. Baldocchi et al., 2000; Aubinet, 2008; Jocher et
al., 2018). The GPP fluxes that we used were derived from NEE measurements by ex-
trapolating the nighttime respiration of ecosystem (Reichstein et al., 2005) to daytime.
Moreover, GPP can be estimated based on another well-known algorithm, the daytime
partitioning method (Lasslop et al., 2010). We preferred nighttime partitioning as only
respiration is modelled in this method. In daytime partitioning, both GPP and respi-
ration are modelled, resulting in higher prediction errors. We believe the uncertainties
in our modelling results due to the choice of partitioning algorithm should be small as
quantified in a previous study by Desai et al. (2008). We also used ET in the cost func-
tion which is equivalent to latent heat flux. The mismatch between the summation of
latent, sensible, and ground heat fluxes with net radiation calculated using incoming and
outgoing radiation, the so-called lack of energy—balance closure, remains a long-standing
challenge with EC measurements (Foken, 2008; Mauder et al., 2020; Zhang et al., 2024).
Quality control of millions of data points at an hourly scale was also challenging, espe-
cially when we merged data from various sources, such as in-situ measurements, mod-
elled re-analysis data, and remote sensing-based estimates. Another major uncertainty
arises from the mismatch between the footprint of EC towers and the grid of remote sens-
ing data which were used to calculate vegetation indices (Chu et al., 2021). The PFT
classification of sites based on a simple PFT classification method may not accurately
represent the vegetation of some of the sites. For example, a site at Alice Springs (AU-
ASM) in central Australia was classified as a savanna in FLUXNET2015 (Pastorello et
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Figure 10. Scatter between differences in model performance in simulating peak gross pri-
mary production, viz. GPP (ANNSEpgo) and annual average of GPP (ANNSE,). jl and ;2
are a pair of parameterization strategies for which differences are calculated in each subplot from
(a) to (j). Each dot in the scatter represents a site. The P}Y model and Baoy, model are P-model
of Mengoli et al. (2022) with drought stress function and the light use efficiency model of Bao et
al. (2022), both were parameterized with hourly data. The values on top of each subplot indicate

the Pearson correlation coefficient (PCC, 2008) for respective models.

al., 2020). In fact, this site is dominated by a discontinuous canopy of Mulga (Acacia
aneura) that has needle leaves and a seasonal understory grassy layer (Cleverly et al.,
2013). This site can be classified as a woody savanna as well. An arctic site in Bayelva
(SJ-Blv) has a combination of snow, wet grounds, and specific tundra vegetation (Boike
et al., 2018) which were not well represented by the snow classification of FLUXNET2015
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(Pastorello et al., 2020). Another limitation of the dataset is that sites are mostly clus-
tered in European and North American countries and, hence do not necessarily repre-
sent global ecosystem functioning particularly well due to sampling bias (Papale et al.,
2015). Similarly, some PFTs are represented by very few sites, which makes PFT-specific
parameterization challenging.

4.2 General performance of models in simulating GPP

In this study, we evaluated the performance of the optimality-based P\¥ and Py,
models across a wide range of sites, representing various vegetation and climate types.
We uncovered poor model performance of the Py, model at many sites, especially at arid
sites. Calculating WAI using a simple hydrological model and inducing a moisture stress
function, i.e., the introduction of the PK model substantially improved model perfor-
mance to simulate the annual average of GPP fluxes across many sites, including both
water—limited and energy—limited sites. The inclusion of the moisture stress function to
the Py, model not only improved the annual model performance but also improved the
model performance across all the temporal scales or aggregation levels. This highlights
the importance of the representation of soil moisture conditions for modelling approaches,
which are aimed at accurately representing ecosystem functioning and vegetation response.
However, the coupling of the hydrological model raised the need to calibrate nine more
parameters, which counters the vision of developing a parameter—sparse approach us-
ing theories that demand a lower site or site—year specific fine-tuning of model param-
eters (Prentice et al., 2015). Further experimentation is needed to find a fine balance be-
tween the number of key model parameters, which require calibration, and an accurate
representation of ecosystem functioning.

Coming to the differences in model structure, we found that semi-empirical mod-
els (Baoyp, and Baogq models) performed statistically better, i.e, had a lower value of AIC
compared to mechanistic model (PK model) at hourly and daily scale or aggregations
for most of the parameterization experiments even though the semi-empirical modelling
experiments needed more parameters to be parameterized. At the monthly aggregation
level, the seasonal cycles were also significantly better captured by the parameter—heavy
semi-empirical model parameterized with daily data (Baogq model) for most of the pa-
rameterization experiments. However, at the annual aggregation level, the mechanistic
model, i.e., the P}¥ model was comparatively better in most cases and a more flexible
semi-empirical model with a higher number of parameters did not have a substantial im-
provement in annual model performance.

Though the partial sensitivity functions of environmental variables used in the Baop;
model and the Baogq model were found to be applicable for most of the sites, they can
be of many different types and may vary across site conditions (Bao et al., 2022). The
EC sites were also affected by human management, such as irrigation, harvesting, and
mowing as well as natural disturbances, such as fire, and pest attacks. These factors can
affect the IAV of GPP flux which was estimated from EC measurements. Models used
in this study may not be able to account for all of these factors due to structural lim-
itations. For example, in the hydrological model, we only used precipitation and ET to
calculate the mass balance of water. However, human management (such as irrigation
and drainage) can play an important role, and the WAI estimates in managed sites, such
as at an irrigated maize site (US-Nel) may not be accurate.

4.3 The importance of the parameterization approach to estimate IAV
of GPP

We also emphasize the importance of determining the parameterization approach
by the inter—comparison of parameterization strategies. parameterization of model pa-
rameters largely determines model performance and parameterized parameters capture
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the individual characteristics of sites or climatic events of site-years (Wu et al., 2012).
Detailed model parameterization strategies, such as parameterization specific to site—years
also comparatively better predicted the annual average of GPP fluxes and year-specific
parameters explained some parts of the TAV of GPP flux. As the fast rate of change in
climatic characteristics has become more frequent in recent years, developing a gener-
alized model structure to simulate carbon fluxes between years and/or between sites of
similar vegetation types has become even more challenging (Knauer et al., 2023). More-
over, the generalized model parameterization strategy, i.e., global parameterization was
also dominated by PFTs, such as ENF and GRA which were represented by many sites,
and certain PFT, such as DNF was represented by only one site in the FLUXNET2015
dataset (Pastorello et al., 2020). This may imply that global parameterization or param-
eter up-scaling experiments using the FLUXNET2015 dataset (Pastorello et al., 2020)
may result in biased parameter sets that cannot be generalized to the global scale or a
weighted site representation may be necessary in this case. Besides model parameter-
ization, a recent study by (Zou et al., 2024) also found that the importance of each in-
dependent driver, and their relative contributions varies over time and ecosystem type.
The relative importance of forcing variables may also be another factor besides model
parameterization.

Though we have demonstrated the capability of the P}V model that included drought
stress and the Baoy, model to simulate the hourly fluxes of GPP, accurate estimation
of TAV of GPP fluxes at the site level with these models requires further developments.
Particularly, both models failed to capture the peak GPP in diurnal cycles at many sites
even after model parameterization at a sub-daily scale and using an additional constraint
on the IAV of GPP in the cost function. These underestimations at an hourly scale may
have accumulated to a larger error when the fluxes were aggregated at an annual scale
to study the IAV. We also showed that comparatively better model performances were
achieved when the GPP peaks per site—year were better simulated. These results are sim-
ilar to another study by Lin et al. (2023), directed at evaluating terrestrial ecosystem
models’ capability in explaining the IAV of GPP which also found an underestimation
of GPP. However, it is also true that some peak values of diurnal GPP can also be an
outlier produced by data processing algorithms, such as the gap-filling algorithm, and
it is hard to distinguish these outliers from true GPP values. Moreover, it was found both
the PX‘r’ model and the Baoy, model showed the highest model performance at the sub-
daily scale mostly for forest sites compared to savannas or grasslands, this in turn led
to the poor simulation of TAV at many sites which are not forests.

The poor representation of IAV of GPP can be attributed to either limitations of
models or model parameterization strategies. It is important to discover which seasonal
phases of the GPP dynamics for particular vegetation types or climatic zones are not
well represented in models simulating the IAV of GPP. It is particularly important to
focus on the meteorological sensitivity of GPP during periods of high productivity where
improvements in the prediction of high fluxes would tend to improve the description of
TAV. Another aspect could also be to decompose the metric (Gupta et al., 2009) used
in the cost function or develop a more detailed model evaluation to understand which
other parts of the time series were not well constrained during model parameterization.

5 Conclusions

We have demonstrated the capability of an improved version of an optimality-based
mechanistic model (PK model) and a semi-empirical LUE model (Baoy, and Baogq model)
to simulate sub-daily GPP fluxes across 198 EC sites, representing 13 different vegeta-
tion types including forests, grasslands, savannas, croplands, and tundra. We conclude
that explicit accounting of drought stress in the optimality-based ecosystem model is a
necessity as it proved to be an important factor in controlling GPP fluxes at all tempo-
ral scales including at annual aggregation. We found that the semi-empirical model mostly
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produced better results at hourly, daily, and monthly scales compared to the mechanis-
tic model. However, at an annual scale, the improvement in the performance of the semi-
empirical model was not significant even though more parameters were parameterized

to flexibly capture the ecosystem dynamics. While these models generally performed well
in simulating hourly GPP dynamics, the small errors at the sub-daily scale, particularly
related to the estimation of GPP peaks, accumulated to bigger errors at the annual scale
and led to poor performance of models in explaining the TAV of GPP. We found that com-
paratively better annual model performance could be achieved when the peaks of GPP
were better simulated. Moreover, both models performed better mostly at forest sites
compared to grasslands or savannas which may also lead to poor estimation of TAV of
GPP at many sites globally. Our results further suggest the need to focus on sub-daily
GPP dynamics during the various seasonal phases, especially highly productive ones, to-
wards an improved constraint on GPP sensitivities. Hence, better annual model perfor-
mance with a detailed parameterization strategy, such as site-year parameterization, sig-
nifies that temporally varying model parameters are necessary to better capture the vari-
ations of annual average GPP and indicate that ecosystem functioning is not stable be-
tween years. We believe these new understandings can guide us towards developing mod-
els and parameterization strategies for simulating the inter—annual variations in ecosys-
tem GPP more successfully, and improve our understanding of the global carbon cycle
response to changing climatic conditions.

Appendix A Data description

Table Al: Description
data

of forcing and model parameterization

Abbreviation  Definition Unit Variable name in Reference
dataset/ remarks

GPPgc? GPP derived from EC pmolCOq - GPP_NT_VUT_USTAR50 Pastorello et
based net ecosystem m~2.s7! al. (2020);
exchange (NEE) using Reichstein et
night-time al. (2005)
partitioning® method

ONEE Random uncertainty pmolCOs - NEE_VUT_USTAR50_ Pastorello et
for NEE m-—2.s7! RANDUNC al. (2020)

LE Latent heat flux W -m™? LE_F_MDS Pastorello et

al. (2020)

OLE Random uncertainty W.-m2 LE_RANDUNC Pastorello et
for latent heat flux al. (2020)

SW _INP Incoming shortwave W -m~? SW_IN_F Pastorello et
radiation al. (2020)

NETRADY ¢ Net radiation W -m~2 NETRAD Pastorello et

al. (2020)

SW_IN_POT Potential incoming W -m~2 SW_IN_POT Pastorello et
shortwave radiation al. (2020)

PPFD_IN® Incoming pmol photons:- PPFD_IN gap-filled Pastorello et
photosynthetic photon ~ m=2 . 57! with 2.04 x SW_IN al. (2020); see

flux density

Sect. 3.4.2 of
Stocker et al.
(2020) for the
gap-filling
equation
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Table A1 — Continued from previous page

Abbreviation  Definition Unit Variable name in Reference
dataset/ remarks
" Air temperature °C TA_F_MDS Pastorello et
al. (2020)
VPDP Vapor pressure deficit Pa VPD_F_MDS Pastorello et
al. (2020)
phd Precipitation mm-h~'or P Pastorello et
mm -d~! al. (2020)
COq Atmospheric CO4 ppm co2 mlo_surface- Thoning et al.
concentration dry air insitu_1_ccgg- (2021)
mole fractions from DailyData
quasi-continuous (interpolated linearly
measurements at to hourly scale). The
Mauna Loa measurements from
Mauna Loa were used
for all sites as the CO9
concentration
measurements at EC
sites are often noisy
and discontinuous.
elev Site elevation m a.s.l. Collected from Bao et al.
literature (2022)
ETLg® Evapotranspiration mm-h~! or Calculated from LE Henderson-
derived from LE flux mm - d~! with a dependency on Sellers (1984)
T
OET Random uncertainty mm-h~! or Calculated from Henderson-
for ET_LE mm - d~* LE_RANDUNC with a  Sellers (1984)
dependency on T'
PET Potential mm-h~! or Calculated from T, Priestley and
evapotranspiration mm - d~* NETRAD and elev Taylor (1972)
using the method of
Priestley and Taylor
CcI Cloudiness index - Calculated as Bao et al.
1 - (swivpor) (2022); Fu
and Rich
(1999);
Turner et al.
(2006)
WAI Water availability mm Described in Sect. S1 Bao et al.
indicator of the supplement (2022);
Tramontana
et al. (2016);
Trautmann et
al. (2018)
w Soil water supply mm-mm~' calculated as vaéé Bao et al.
(AWC is defined in (2022)
Table 1)
NDVI Normalized difference - Daily NDVI from Walther et al.

vegetation index

FluxnetEO v2
(MODIS) was linearly
interpolated to hourly

(2022, 2023)
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Table A1 — Continued from previous page

Abbreviation  Definition Unit Variable name in Reference
dataset/ remarks
fAPAR Fraction of incident - Linear relationship Bao et al.
photosynthetic photon between NDVI and (2022);
flux that is absorbed fAPAR was assumed. Myneni et al.
by vegetation (1997)
NDVI, if NDVI >0
0, if NDVI <0
QC? Data quality flags - 1.0 (good quality), 0.5 Pastorello et

(medium quality), and  al. (2020);
0.0 (bad quality) in the Nelson et al.
case of hourly data, (2024)
which is the fraction of

good quality measured

or gap-filled data from

two half-hours. In the

case of daily, QC can

have any values

between 0.0 and 1.0,

which is a fraction

representing the

percentage of good

quality measured or

gap-filled data in a

day. The daily data

with QC > 0.8 was

considered good.

a: For GPPgc, the QC flags of NEE, and for ETp the QC flags of LE were used, as they were derived from the
respective variables. QC flags of SW_IN were used to determine bad and medium quality data of PPFD_IN, which were
replaced with a gap-filling procedure.

b: Bad, medium quality (value of QC is 0 and 0.5) data and gaps were filled with downscaled (Besnard et al., 2019)

ERAS5 (Hersbach et al., 2023) or ERA-Interim v2.0 data (Berrisford et al., 2011).

c: We have collected good quality SW_IN and NETRAD values from all the sites and fitted a linear regression model using
the RANdom SAmple Consensus (RANSAC) algorithm (Fischler & Bolles, 1981) to determine the relation between them.
The fitted equation (NETRAD = 0.7066 x SW _IN — 0.1345) was used to fill gaps in NETRAD using SW_IN. The
gap-filling with regression was only applied for a few sites at hourly scale.

d: At hourly scale, the data gaps or bad quality data in P were filled by distributing the daily downscaled P

(Besnard et al., 2019) from ERA-Interim v2.0 (Berrisford et al., 2011) for a certain day to the hourly timesteps, based on
hourly P from gridded ERAS5 data (Hersbach et al., 2023).

*We preferred the night-time partitioning (Reichstein et al., 2005) over daytime partitioning (Lasslop et al., 2010) as only
respiration is modelled in this case and GPP is derived as the difference between measured NEE and respiration. Whereas,
in the daytime partitioning method, GPP is modelled as well and can have prediction errors due to uncertain

model parameters.

Appendix B Data screening for model parameterization

We used only good—quality data to calibrate model parameters. At hourly scale,
we selected GPPgc and ETL g as good quality data when the values of their respective
QC flag were 1 (Table Al). At the daily scale, we considered a GPPgc and ETLg data
point as good when the value of the QC flag was greater than 0.8. We also removed any
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data gaps from observed and simulated data, ongg, and o g (Table Al). There were
certain negative values in our GPPgc data, as it was calculated using night-time based
partitioning method (Reichstein et al., 2005). In this case, if a negative GPPg¢ value
occurred, when the SW_IN (Table A1) is zero i.e., during night hours, we replaced those
data points with 0 and used them in the cost function. If the negative GP Pgc occurred
during day hours, we excluded them.

Appendix C Data screening for evaluation of model performance

The good quality data at an hourly scale were selected using the same criteria de-
scribed in Appendix B. The data screening at a daily scale was also similar to Appendix
B, when the LUE model was parameterized using daily data. For all other cases, we as-
signed a flag (0 = not considered, 1 = considered) to identify which data points were con-
sidered during model parameterization. We aggregated this flag to daily, weekly, monthly,
and annual scales by taking averages. Then this flag indicated the fraction of good qual-
ity data used to calculate a data point in a certain temporal resolution. We only used
data points at certain temporal resolutions which were calculated using more than 50%
(flag value > 0.5) good quality data points from hourly/daily resolution. We calculated
monthly, and annual model performance metrics for a certain site if at least three data
points were present. We couldn’t calculate annual metrics for 76 and 85 sites due to low
numbers of good quality site—years when the annual data was aggregated from hourly,
and daily data, respectively. The monthly metrics were not calculated for the three sites
due to the same reason when they were aggregated from daily data.

Appendix D Median values of model performance

The median values of the model performance metric, i.e., NNSE which are plot-
ted in Fig. 2 are summarized in Table D1.

Table D1. Median NNSE obtained at each modelling experiment at hourly/daily scale and

annual aggregations

Temporal Models parameterization strategies

scale/
aggregation per per site per site per PFT global
site—year  using
Cost™V
Hourly/ pW 0.827 0.799 0.805 0.738 0.712
daily scale Py 0.478 0.470 0.469 0.461 0.490
Baop, 0.853 0.816 0.836 0.757 0.693
Baogq 0.830 0.774 0.790 0.658 0.634
annual PV 0.543 0.405 0.373 0.201 0.143
aggregation Py, 0.018 0.019 0.018 0.018 0.019
Baop, 0.661 0.471 0.440 0.190 0.105
Baogq 0.669 0.489 0.482 0.238 0.143

Open Research Section

The codes that were used to perform all the necessary analyses and plot all the fig-

ures in this study are available at De (2024). The data from eddy covariance sites are
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available from FLUXNET (Pastorello et al., 2020; FLUXNET .org, 2024a). The Fluxne-
tEO MODIS version 2 dataset is available at Walther et al. (2022, 2023). ERA5 dataset
and ERA-Interim v2.0 data are available from Hersbach et al. (2023) and Berrisford et
al. (2011), respectively. Atmospheric COs measurements at Mauna Loa observatory are
available at Thoning et al. (2021).
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