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Abstract. The large extension and diversity of the Brazilian Amazon biome hampers the assessment ofsegj@oatbon

budget based solely on local observations. Considering the shortage of observations, this study aims to examine the carbc
fluxes throughout theBrazilian Amazon biome usingthe processbased model (JULES, Joint UK land environment
simulator). A sensitivity analysis detected five critical model parameters for the Amazon tropical broadleaf evergreen forest
optimized using carbon flux and meteorological data from four forest sites. The simulations with new parametrization were
comparedwithte JULES default parameter values and with simulations of the Vegetation Photosynthesis and Respiration
Model (VPRM). Net ecosystem exchange (NEE) and gross primary production (GPP) estimates were improved at all sites,
reaching a Root Mean Squared Error (B8) about 30% lower in comparison to the default version. The optimized parameter
values varied among the four sitesdicating that a single parameterization for the whole Amazonia may not be adequate.
JULES model parameters werstimateéxtrapolatedor the Brazilian Amazonia, based on canopy height and leaf area index
gridded data. Applying JULES with spatiadependent parameterization for the year of 2021 resulted in a carbon sink of
1.34 Pg C yeak Regional differences were observed in the carbon fluxes, with a carbon sourcekof €762 year? in the

southwest and north, likely explained by increased ecosystem respiration in older and taller forests.
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1. Introduction

The Amazon forest is one of the largest carbon reservoirs in the world, being relevant to the global environment,
biodiversity, and climate regulation (Briemet al., 2015). Amazon forests are responsible for 16% of the gross primary
production in terrestrial ecosystems, storing approximately 90 Pg C in-abwvdelowground vegetation biomass (Saatchi
et al., 2011; Malhi et al., 2021). The region's critical role in the global carbon budget is at-tiskcadon dynamics are
being significantly impacted by climate change, including rising air temperatures and increased hydric stress (Lil&t al., 20
Gatti et al., 2021). These effects can lead to a decrease in the leaf area index (LAI) and an inaeedgsespiration (Meir
et al., 2008) and hence influence the sign of the net carbon exchange, shifting aressirikoto a source of carbon.

Accurate estimates of carbon fluxes are crucial for understanding how the Amazon will evolve under the impacts of
climate change. The diverse vegetation of the Amazon biome and the strategies used to estimate carbon fluxes across differe
sites are essential for identifying the region's different behaviors (Resbagme et al., 2013)lhe traditional method of
carbon flux measurement is the Eddy Covariance (Baldochi, 2003), which quantifies the Net Ecosystem Exchange (NEE), by
measuring the turbulent G@xchange and correcting for canopy storage. NEE represents the difference between the gross
primary production (BP) of the vegetation and emissions from the ecosystem respiration (Reco) (Hayek et al., 2018).
However, eddy covariance measurements are insufficient to represent the vast diversity of ecosystems and vegetation in tt
Brazilian Amazon biome (Aguirr&utierrez et al., 2025). This limitation arises due to logistical challenges, the substantial
investnent required for installation and equipment, and the need for highly skilled labor to ensure proper maintenance
(Andreae et al., 2015). Considering the limitation of expanding flux towers throughout the Amazon biome;jased ssd
datadriven models hae been applied in different studies to estimate NEE in different parts of Amazon, such as the Vegetation
Photosynthesis and Respiration Model (VPRM) (Botia et al., 2022 and 2024), FluxCom (Nelson et al., 2024; Chen et al., 2024
and the Organizing Carbon and Hydrology in Dynamic Ecosystems (ORCHIEE) (Verbeeck et al., 2011).

One of the comprehensive land surface models used to simulate the biophysical prtieesioist UK Land
Environment Simulator (JULES; Best et al., 2011). JULES is a community land surface model used both as a standalone
system and as the land surface component of the Met Office Unified Model. It is considered-thfetetadet for largescale
simulations (Moreira et al., 2018larper et al., 2008 JULES has a tiled model of sgjid heterogeneitypeing able to
reproduce energy, water, carbon, and momentum fluxes (Best et al., 2011, Clark et al.TF20¥ipdelThe modelwas

progressively update@nhancing the number of plant functional types (PFiVe PFTs (HadGEMS3, Clark et al., 2012), nine
PFETs (Harper et al 2016pnore recentil3 PFTs (UKESM1, Harper et al., 2018hdadditionallyfour nonvegetationand
covertypesncludesdifferentconfigurationoiplantfunctional-types-(PERtive PFTs (Had GEM3Clark-et-al-2012-nine
ypeCurrently, JULES is used

to simulate carbon fluxes in different biomes types, as applied for agriculture (Osborne et al., 2015; Williams et ahd2017)
in tropical forests (Moreira et al., 2013; Restré&poupe et al., 2017; Caen et al., 2022).

Although JULES has been widely used in various studies to estimate carbon fluxes in tropical regions, a lack of

specific parameterizations remains a challenge to simulategg@@tmosphere interactions. Harper et al. (2016) introduced
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a PFT specific to tropical forests, but this parameterization has not been thoroughly tested or validated acrossglifesent re

of the Amazon. Additionally, the most sensitive parameters in this region have not been deeply eValgatental, studies

to estimate NEE using procelsased models have not accounted for the large differences of vegetation characteristics across
this territory (Ometto et al., 2023). Based on these aspects, this study aims to characterize the seagpaial aariabiliy

of carbon fluxes between the biosphere and atmosphere in the Brazilian Amazon biome. Here, we present an improvement ¢
the JULES parameterization specifically for the Brazilian Amazon, performing a sensitivity analysis of the model parameters
using as reference to Eddyvariance towers in different regions of the Brazilian Amazon biemeeferencesModel
parameters were spatialized using two ancillary da@setnopy height and LA to estimateccessegional differences in

NEE in the Brazilian Amazon biome.

2.Material and Methods

The current study combined observational datasets and modeling. Section 2.1 describes the study area and the tow
flux sites in the Brazilian Amazon Basin. Section @ecribe the main features dhe JULES model. Section 2d&scribes
the meteorological and edaphological datasets used as input for the JULES Eseddyrdovariance dataset used to validate
the model optimization. Sectiordddescribes the gridded data used for simulations in the Brazilian Amazon biome. Section
2.5 describes the JULES modaiocedures adopted in this studysassitivity analyss and calibration procedures and the
description of the remote sensing data and the regression method used to extrapolate the JULES model parameters across

Amazon Basin. Section @describes the VPRM model that was used to comparethdgtHJLES modeht the tower sites

2.1. Study area

The study area corresponds to the Brazilian Amazon biome, covering 4,212 AA%&mompiled data from five
Eeddy--covariance towers to represent carbondkend evaluate JULES simulations (Figure 1). From east to west and north
to south, these sites are: The Amazon Tall Tower Observatory (ATTO), the Tapajos National Forest (K67, K83), the Reserva
Jart (RJA) and the Reserva Cuieiras near Manaus (K34). The equatorial forest was represented by 4 towers (ATTO, K34
K67, K83) and RJA represented the southern Amazonia (Resfireppe et al., 2021). The K34 tower is located 60 km north
of the city of Manas (Araujo et al., 2002; Restref@pupe et al., 2013) (Table 1). The Santarem moist tropical forest (sites
K67 and K83) is located at the confluence of the Amazon and Tapajds rivers, in the northeast Brazilian Amazon. The ATTO
tower is the most recent t@wbuilt in the Amazon region, based 150 km northeast of the city of Manaus (Andreae et al., 2015).
In the southern Amazon region, the RJA tower is located in a forest reserve in the state of Rond6nia, characterized as
Tropicalsavanna climate with dry season in KigpenGeiger climate classificatioatropicalwetanddry-forest(Peel et al.,

2007).Some of these flux towers are still operational, while others have been discontinued. As such, observations from eact

tower are available for different periods ranging from 2001 to 2021, somaetithaatermittent measurementor the current
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study, data from different years were used in the JULES model calibration (see Table Dpewittomplete year being
selectedor each sitehat had the most reliable set of observations in terms of both data coverage and quality assurance. Using
a single year of data for each site provided similar conditions for model parameter optimisation at the different sites. To
minimise the influence foatypical conditions reflected in the variability of carbon fluxes, years with extreme dryness or
wetness were avoided during the model optimisation prodésstowers K34, K67, RJA and ATTO were used in model

calibration. TheowerK83 tower was used as an independeritrene pointewerto validatethe-modelsfothe spatialization

modebdeve j j Fower K83w validationhis towerwas selected daadependentiata

based on the availabilitgnd qualityof obsenationaldataover a period obne year

All the Eeddy--covariance flux towers are located in uplatetré firme) forest sites, with canopy heights in the range

27-36 m and LAl in the range 3.Z6846 nt m?2 (Table 1), respectively comprising 61% and 85% of the distribution of values

in the study area (Figure 1). The five flux towers considered in this study represent upland forests in regions with subtle
differences intheclimate regimeandin thelevel of stresassociated with deforestation and climate change presiuhég

the K34 and ATTO towers are located in pristine forest reserves in the Western Amazonia, the RJA tower sits in a forest
reserve surrounded by agricultural areas in Southwestern Amazonia. The K67 and K83 towers sit in a forest reserve near th
deforestation frontier in the Eastern Amazoniderefore, this set of flux toweriscludes multiple kinds eépresentihe
diversity-oefuplard forestscommunities which extend througmore than 80% of the Amazon biome (Moraes et al., 2021).

However, t is important to acknowledge that this set of flux towsnsot representative &fll Amazonian ecosystems, like

seasonally flooded, swamp or white sand forests.

Table 1: Description of five different eddy covariance towers based on Amazon region (Restrefoupe et al., 2021 LAI data is

from ERA5 and Canopy Height data is from the Global Canopy Forest (Simardi et al., 2011).

D Site location | canopy heighf ~ Year Annual total rainfall| Average air temperatur
Lat/Lon (m) evaluated (mm) (°C) LAl (m? m-?)
K34 |2.614°S/60.12°V] 27 2005 1964.81 25.98 479
K67 2.85°5/54.97°W 36 2003 1283.72 28.19 3.26
RJIA |10.08°S/61.93% 35 2001 251258 25.15 4.05
K83 3.01°S/54.88°W\/ 28 2001 1658.29 26.37 3.78
ATTO 2.15°5/59.03°W/ 30 2018 2192.87 26.03 5.46
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Figure 1: Eddy--covariance towers across the Brazilian Amazon biome (red symbols) used to validate JULES simulation. Grided
background colors denote the spatial distribution of leaf area index (fim2) on the left panel and canopy height (m) on the right
panel (refer to section 24). The black symbol indicates the tower used to validate the spatialization of JULES parameters. LAl data
is from ERA5 and cCanopy hHeight data is from the Global Canopy Forest (Simardi et al., 2011).

2.2. JULES model description

JULES is a land surface model that can simulate carbon fluxes punctually or in a grid with a temporal resolution of
one hour. TheJULES version utilized in this study was 7.0, based on nine plant functional types (PFT), including tropical
forests (Harper et al., 2016). JULES requires hourly meteorological data as input, as described in3eatsm 2 .requires
an edaphic dataset, which is also described in section 2.3. JULES estimates GPP and Reco based on the limitation factor
three potential photosynthesis rates (Collatz et al., 1991, 18BR)topic presents the main equatdo estimate GPP and
Recq defining the most relevant parameters for the calculation of carbon.furesredetaileddescription of equationssed
bybasedbn-hewJULESt0 estimate carbon fluxes is demonstratethmSsupplementary material S1.
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2.3. Ancillary environmental data

The JULES model requires the meteorological variables listed in Table 2 as irgitu. ireteorological forcing data
from each flux tower (RestrepBoupe et al., 2021; Andreae et al., 2015) were used for model calibration (Section 2.4.2) and
crossvalidaton using K83 tower data. For the spatialisation of carbon fluxes, meteorological data from reanalysis was applied,
as will be described in Section 2:4Soil information required by JULES was obtairiezim the EMBRAPA database (Reatto
et al., 2004), which provides soil texture data (silt, sand, and clay content) at a 30 m of resolution down to a depth of 120
below surface. To convert soil texture into the parameters required to run JULES (TaldeaBphed equations from

Marthews et al. (2014). The edaphological parameters in the model are static.

Table 2: Meteorological variables required by JULES an their respective definitions and units.

Variable Definition
sw_down Downward flux of shorwave radiation, W i3
Ilw_down Downward flux of longwave radiation, W it




Precip Rainfall, kg m?s't

T Air temperature, e
Wind Wind speed, m'$
Pstar Air pressure, Pa

Q Specific humidity, kg ki

Table 3: Soil physical parameters required for JULES with their respective definitions and units for five different sites ithe Amazon

region.

Parameter Definition ATTO K67 RJA K34 K83
BrooksCorey
exponentiafor
b hydraulic soil
characteristics
(dimensionless) 15.65 11.19 6.52 11.19 11.19

Dry heat capacity, J
m'|'3 k'|'1
Soil moisture at the
sm_wilt point of permanent
wilt, m®m'3 0.12 0.26 0.14 0.26 0.26
Dry thermal
hcon conductivity, W m
Tkt 0.20 0.22 0.27 0.22 0.22
Soil moisture at the
critical point, n¥ m'3 0.21 0.37 0.25 0.37 0.37
Saturation hydraulic
satcon conductivity, kg m
24! 0.00063 0.00152 0.0065 0.00152 0.00152
Soil matrix suction a
saturation, m 0.39 0.32 0.14 0.32 0.32
Soil moisture at
saturation, rim's 0.39 0.46 0.42 0.46 0.46

Soil albedo 0.13 0.17 0.13 0.17 0.17
(dimensionless)

hcap
1236203 1228469 1272748 1228469 1228469

sm_crit

sathh

sm_sat

albsoil

215
Concerning the carbon fluxes, the variables utilized to calibrate and evaluate JULES simulations were NEE, GPP and
Reco. It is important to mention that the direct observation from f£ddyariance tower measurement is NEE. NEE was
partitioned following Botia et al (2022), who followed a similar approach as Resdeype et al., assuming that nighttime
NEE corresponds to nighttime Reco. Nighttime Reco was used as the daytime respitaliiodaytime GPP was calculated
220 from the difference between GPP and NEE (NEE=ReE®). NEE data was available every 60 minutes for all flux towers,

except for the ATTO tower, available every 30 minutes.

2.4. Gridded data
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In addition to the in situ observational data, gridded datasets were used in JULES model simulations and as
benchmarkso the simulated carbon fluxes. Meteorological data from the ERA5 reanalysis (Hersbach et al., 2020) were used
to force the JULES model in spatialized runs (refer to Sectibi3)2ERA5 has hourly temporal resolution and a spatial
resolution of 0.25°x0.25which was resampled to 1% providing data for the variables listed in TabldBis resolution was
proposed in view of the computational limitation to run JULES for the Brazilian Amazon biome.

Gridded data of vegetation properties and land use were also used in the spatialized model runs, extrapolating mode
parameters across the Brazilian Amazon biome. Canopy height was collected in the Global Forest Canopy dataset (Simard
al., 2011). This dataset represents the teeepyheights with a resolution of 927 m based on a fusion of spacebdane
data (2005) from the Geoscience Laser Altimeter System (GLAS) and ancillary geospatial data. Canopy heights retrieved fron
the gridded product were similar to local observationseabttower fluxes considered in this study. LAl data from the ERA5
Land monthly remalysis was used, with a resolution of 11132 m. In ERA5, LAl is calculated using the land surface model of
the European Centre for MedidRange Weather Forecasts, known as CTESSEL (Boussetta et al., 2013), with the assimilation
of a 9year monthly climatology derived from sateliitased data from MODIS (Moderate Resolution Imaging
Spectroradiometer). Thereforde LAI product from ERAS describes a fixed vegetation state. Land use and land cover data
was provided by MapBiomas, collection 9, with a spatial resolution of 30 m (Souza Jr. et al., 2020). MapBiomas tieta w
reference to run JULES for eaBPlr T represented in each gridefer toSsupplementary material, Section 3.1, Table S3.1). All
data was resampled to the 1®xésolutionand utilized in different versions of models approached in this sasiglescribed
in Section 5.3

Two gridded datasets on carbon fluxes were used as benchmarks for the simulations conducted in this study:
FluxComX (Nelson et al., 2024) and the European Carbon Tracker CT 2022 (Jacobson et al., 2023). European Carbon Tracke
provided hourly NEE at a rekution of 0.1° in latitude by 0.2° in longitudepsatial-and-hourly-temporalreselutj@alculated
by the Simple Bisphere model Versioh (SiB4) which isdriven by meteorologyariablesfrom the European Centre for
MediumRange Weather Forecasts (ECMWF) Reanalysis 5th Generation (ERA5S) .datasetmpare NEE with JULES
simulation, the optimized biological flux was used (i.e., excluding Carbon flux from fuel and fire) and lateral fluxeégerem r
were removed, following Friedlingstein et al. (2022). Flux@dmproviding estimatesd with 0.05° spatial and hourly
temporal resolution, is produced using a etdrigen approach using an ensemble of macheaening methods, combining
local observations fronteddy--covariance flux towers, satellite observations and meteorological reanalysis data. In the
Brazilian Amazon biome, FluxCoid assimilates data from only two flux towers: K67 and K83. The scarcity of flux data in
the Amazon hinders the model training, resugjtin a decreased model performance in this region when compared to other
terrestrial ecosystems worldwide. Overestimation of the carbon sink (strongly negative NEE) in tropical regions-is a well
known bias of the FluxCosX dataset (Nelson et al., 2024).

2.5.JULES model procedures

10
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In this section, we described the procedures necessary to optimize and spatialize NEE using JULES for the Brazilian
Amazon biome. In the first topic we approach a local sensitivity analysis the first step to select the mostiggresititneters
of JULES in a specific point in the Brazilian Amazon biome. The second topic will present the calibration and evaluation to
improve the most sensitivity parameters selected in the sensitivity analysis. The third topic will describe the me#tbd utiliz
to gatialize JULES in the Brazilian Amazon biome. Attaining equilibrium between carbon stocks and humidity via the soil
moisture spirup procedure was a computationally expensive process. For this study, it was difficult to implement because of
the large numeér of grid points required to simulate the Brazilian Amazon region. To initialize the JULES simulations, we

adopted the strategy employed by Moreira et al. (2048)h consistsn initializing the model with fields aslose as possible

to observationsWe ran JULES from the start to the end of the simulation period. The carbon pool was not altered during the
simulation, and carbon levels varied in accordance with seasonal changes throughout the year. Also, we considered the sc
texture obtained in thEMBRAPA database (described in the section 2.3) as a source that closely matches with the observed

data and this can reduce the uncertainties in the water balance.

25.1. Sensitivity analysis

The first step in procedsased model calibration and local sensitivity analysis is to understand how the modulation
of GPP and Reco is influenced by the model parameters (with NEE calculated by the difference of GPP and Reco). This stud
initially assesse the sensitivity of the 21 core parameters of the JULES model by varying their values within the minimum
and maximum expected ranges (Table S2.1). The underlying hypothesis was that the heterogeneity of the Amazon forest woul
lead to variation in theseapameters. Understanding their impact on NEE helps identifying which parameters are critical for
parameterization and should not be treated as fixed values, as it is done in the default JULES model PFT parameterization.

The local sensitivity analysis was developed for 2018 using the location of the ATTO tower as reference. Each JULES
parameter was perturbed within its maximum and minimum expected range, as shown in Supplement Table S2.1. The effec
of these changes on NE&alculations was quantified using the mearsolute deviatiomet-sum ef-sguare—deviation
(MARMSD, g C m?day?) (Equation14) and ovar 15)%ARMSBEgondt ipoar depend on the
computed using the maximum and minimum value of a specific parameter (all others are maintained fixed with the default
value). The calculation is computed for the simulation
of the squardifference divided by the square root of the number of days analyzieth can generate spurious values with

significantly higher magnitude3o mitigate the impact of these spurious values, we treated them as outliers and applied the

11
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Grubbs' test (Grubbs, 1969j)ith a significance level of 95%, removing days with NEE considered outliers based on the
absolute difference between maximum and minimum disturbed values, divided by the NEE before optimization (Harper et al.,
2016). After this procedure, each parameter was clhassif
most sasitive parameterSupplement Figures SPpresent the NEE monthly simulations for 2018, considering the impact of
changes in the most relevant parameters compared to observed data (retrieved freddyheovariance towers).The
simulations were performed by varying each relevant parameter individually, using different values within the specified

minimum and maximum range.

MARMSD =
(14)

s3’0A®D —8B —— (15

Whereymax is the NEE daily value simulated with the maximum parameter; \MEE daily value simulated with the
minimum parameter the minimum; ydefault is the daily value simulated using the default version of JULESFigfaelt

S2.2)and N is the number of observations, removing days with outliers (352 days).
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Figure 2: Variation in (%) (v aaf JULES parameters relative to the default version of JULES at the ATTO tower, representing

the Amazon biome during 2018. The abbreviations were defined Bupplement Table S2.1

We considered the five most sensitive parameters (Figure 2): canopy height (catbtiactor for dark respiration
(fd), which is a coefficienbbetween 0 and 1 associated wigtaf dark respiratior(Equation 6) quantum efficiencyfor
photsynthesigalpha mol CQ mol! PAR) (Equation 4) the maximum ratio of internal to external £@0), necessaryo
simulate leafCO, concentratiorbased on leaf humidity deficand theuppertemperature threshold for photosynthesis (tupp
Equation ). The sensitivity analysis has shown thatiations in canopy height between 19 m and 50 m can lead to variations
of almost 200% in NEE. The variation of the dark respiration scaling factor, for potential values found in Amazonia, can also
lead to differences in NEE of the order of 140%. The guarefficiency, the maximum ratio of internal to externalCahd
the upper temperature for photosynthesis can lead to variations in NEE of 45%, 16%, and 13%, respectively (refer to Table
S2.2).

The set of parameters selected in the sensitivity analysis were similar compared to Raoult et al. (2016), which
calibrated JULES for different plant functional types using GPP to evaluate the new parameterization. The reason behind the
high sensitivity ofNEE towards the paramete€anht can be explained by its influence on calculatimgMaintenance
Respiration (Equatiofl, section2.2), as cantieing-this-parametds necessary to estimate stem wood respiration (Clark et
al., 2011) Another relevant aspect that expkihe high sensitivity ofCanhtis the linear relation with roughness length (Best
et al., 2011), which is important for carbon fluxes estadat by the mechanical turbulence and the capacity to enhance the
mixing of air and to facilitate the transfer of gases, including, @®tween the land and the atmosphere (Khanda
Medvigy,2014). The parameter fd is also relevant to estimate the dark respiration coefficient (Euatiotior2.2) related
to the Reco estimation. Alpha is a parameter that is related to estimatirgiettg Light-limited rate(Equation3, section
2.2), f0is arelevant parameter to estimate hydric stress and the stomata regulation (Bgsetibon 22) and tupp is required

to estimate Vmaxfor different temperatures (Equation 1, sectic?).2.The parameters alpha, tupp andvi®re also found to

be important for modelingre-highlty-related-to-calcula@PP-being-these-three-parameters-alse-obsebyeRaoult et al.
(2016) and Li et al. (2016 their work to ofpimize GPP_estimatiowerking-on-optimized-GPP-estimatiusing JULES.

Parameters with ligHimitation of photosynthesis, such as the case of alpha were also sensitive in other Dynamic Vegetation

models, such as ORCHIDERodel demonstrated by Zhu et al., (2025), working with a spatialization procedure of the carbon

cycle in the Amazon region. Another relevant parameter observed by Zhu et al., (2025) was related to the nitrogen use o

photosynthesis, which, in the JULES modsl,the fd parameter directly related to the content of nitrogen to estimate

maintenance respiratigequation 11, section 2.2). After canopy height, the fd parameter is the most sensitive parameter of

JULES, followed by alpha in the Brazilian Amazon biome. Despite the difference in parametrization of these two different

models, similarities of the parameters indicate relevance of nitrogen and radiation to reproduce carbon fluxes irergpical tr

Thus,-Optimizirgoptimizing this set of parameters makes it possible to spatialize the carbon fluxes in the Brazilian Amazon
biome and their vegetation heterogeneity.
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2.5.2. Calibration and validation

After the local sensitivity analysis, which defined the most important parameters for GPP and Reco, JULES was
optimized comparing simulations with observed data at each site described in section 2.2. For this attempt, we used the Nelde
Mead method (Neldeand Mead, 1965) for the optimizatiamsing the SciPy implementation (Harris, et al., 2020) and NumPy
to process data (Virtanen et al., 202IhHe NeldefMead method is a numerical method used to find the minimum or maximum
of an objective function in a multidimensional space (Dakhlaoui, 2014). This method was successfully applied in studies of
calibration and evaluation of different modelsdascribed by Jérdme et al., (2021). The JULES output utilized as a reference
for calibration at each site was NEE, since it is directly retrieved Eethdy--covariance measurements without assumptions
on flux partitioning. Canopy height was fixed as the average canopy height of each site, while the next four most sensitive
parameters were concomitantly modified within the physiological limits, looking for the combination of values that minimized

the error between model and observation on a daily scale (Table -34td)-thataleav@neout-crossvalidation-method

was-used-to-validate-the-calibration-in-different parts-of the Brazilian-Amazon-biome(Wallach-et-al.Th@1statistical

index adopted to evaluate the error in this study was the root mean square error (RMSE) (Loague and Green, 1991, equatic
16).

YO'YO -B & n (16)
Where yis the predicted value of NEE;ipthe observed value of NEE andsrtthe number of observations.

Another statistical matric used to analyze the accuracy of the simulations during the year was the index of agreemen

(d) proposed by Wilmott et al. (2012), given by

B

Qszsss’

17)
where P is the average value of standard observations of NEE. When d is close to 1, this indicates a high accuracy level.

It was necessary to delimit maximum and minimum values for each parameter according to the physiological
characteristics of tropical species (Table S4.1). Within the delimited values of reference, the optimization was dem@loped fr
the default value of @a JULES parameter adopted by Harper et al. (2028nportant to mention that the Neldgead
methoddoesnot generate uncertainties for fitted parameteasconfidence level, being limited to one value in a physiological

range that will be our reference to the calibration procedure

25.3. Spatializing JULES in the Amazon biome

The optimization of the JULES model parameters for different forest sites in Amaboniadias-sheowrsignificant

differences, reflecting the heterogeneity of vegetation characteristics categorized in the PFT Broadleaf Evergreen Trees

14



375

380

385

390

395

400

tropical (BETTR). This motivated the spatial extrapolation of JULES model parameters across the Amazon Basin using
remote sensing data as predictors.

After the sensitive parameters were adjusted for each tower, it was possible to spatialize the parameter values acros
the Amazon biome. As such, wevedeveloped a spatially dependent parameterization of the BEPFT in JULES. The
spatialization model was based on linear regressions, having each sensible parameter as the target variable, and two remo
sensed vegetation properties as predict@tanopy height and LAI. The reasons behind the choice of these variables include:

data availability anéxpected correlations between these propertietheddctthat they-can-be-used-as-a-proxyhies most

sensitive parameters (Li et al., 2018; Moudry et al., 2024). Also, canopy height and LAI can be considered constant in the

short term describing a fixed vegetation state. Moreover, these two variatdes-avererequired as input for JULES
simulations, canopy height aplant functional type parameter and L&d ameguired-forinitial condition for simulations.

With independent linear regressions on canopy height and LA, it was possible to extrapolate the model parameters
to the whole Brazilian Amazon biome. Different configurations for linear regression models were tested for each JULES
parameter, following onef the general formats of Equati@8:

O oftdD 6 0 @O0 0 @ a6 @
0 oftfiM M0 O ¢ I T

where P represents JULES model parameters (tupp, alpha, fO_io and fd); x, y are the coordinates of each model grid cell; a, |

18

are regression coefficients to be determined. The regression models were fit to the parameters optimized at four forest site
degribed in section 2.1 (K34, ATTO, K67 and RJA), using the maximum likelihood method. The choice of the regression
model configuration for each JULES parameter was based on a compromise between the regression model residuals and t
physical consistency dhe extrapolated values. Section 3 in feapplementary material shows the reasoning behind the

choice of each regression modefter that, a leaveneout crossvalidation method was used to validate the calibration in

different parts of the Brazilian Amazon biome (Wallach et al., 2Qit8izing the predict values obtained by the sdeation

linear equations from canopy height and LAI

To represent variations in carbon fluxes throughout the year, simulations were performed widly@geresolution
across the Brazilian Amazon biome during April and September 2022, representing a wet and a dry season month in th
Amazon Region, respectively. The meteorological dataset required for JULES to simulate GPP, respiration, and NEE (Sectior
2.1, Table 2) was provided by ERAS5 reanalysis data at an hourly scale with aesdilition.

It is important to highlight that spatially dependent parameterization was used only for #¥eRBIEHT, representing
71% of the Brazilian Amazon biome. For other PFTs present in the Amazon Basin, the default values were used for all
parameters (Harper at., 2016). The canopy height for BHR was provided byhe Global Forest Canopgataset (section
2.4), while forthe other types of vegetation we useddbéultvalues by Clark et al. (2011) and Harper et al. (2016). In the
case of C4 grass that has relevance in the arc of deforestation we atdemeopy height of 15 cwhich is typical for cattle
farms in this regiorfFernandes et al., 2013 the case of soybean, a relevant crop cultivated in the northern region of the

state of Mato Grosso, we considered the sowing date in September and the harvest in February, as described by Mato Gros
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Institution of Agricultural Economics (De Lima Filho, 2021). To assign a PFT for each model grid, a correspondence was

established between JULES land functional types and land use data from MapBiomas collection 9 (Souza Jr et al., 2020) (se€
supplementary material, Section 3.1, Table S3.1). Since MapBiomas data have a resolution of 30 m, it was necessary t
calculate the grcential contribution of each land use class present in e&ofotlel cell grid (Figure S3.1). To run the model,

it was necessary to introduce the fraction of each land functional type as a tile to represent each \tggef@ésent in the

grid for JULES simulations. A description of all procedures utilized to spatialize JULES is described in Figure S4.5 (see

supplementary materials section S.4).

2.6 VPRM model

The Vegetation Photosynthesis and Respiration Model (VPRM) (Mahadevan et al.,, 2008) is a-chateltite
empirical model designed to estimate NEE by integrating GPP and ecosystem respiration. GPP is calculated usisg a light
efficiency method that combines meteorological inputs (e.g., temperature and photosynthetically active radiation) with remote
sensingndices such as the Enhanced Vegetation Index (EVI) and the Land Surface Water Index (LSWI). These indices are
derived from the MODIS Surface ReflectaneB&y L3 Global 500 m (MODO09AL1) produatthich is collected within a £0.1°
area around each tower évated in this study (ATTO, K34, K67, K83, RJA; see Table 1 for descriptidii®se data are
interpolated to daily intervals using a curve smoothing technique (LOWESS filter). Ecosystem respiration is modeled using a
linear function of temperature to capture the templeratu
(maximum lightuse efficiency), PARO (light saturation constaltjndb (coefficients controlling temperature dependence),
as well as the temperature thresholds Tmin, Tiapt, and Tlow. In this study, the parameter values employed were those
calibrated by Bdh et al. (2022) for the Amazon forest.

3.Results

3.1. Calibration and evaluation of JULES

After the identification of the model parameters with highest sensitivity in TeQAower, utilized as referender

the local sensitive analysis for the Brazilian Amazon bim@eon the JULES model was calibrated for each flux tower,

following the methods described in SectioB.2. Table 4 shows the JULES default values for the-BRTPFT parameters
(Harper et al., 2016) along with the optimized values considering local measurements in the Amazon. The optimized values
showed a strong variability, even among the equatorial fsitest This explains the motivation for the spatialization of JULES

parameters for the BETR plant functional type.
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Table 4: New parameterization of JULES optimized by NeldeiMead in each simulated site in this study. Four parameters were
optimized: upper-temperature threshold for photosynthesis (tupp),quantum efficiency (alpha), scale factor for dark respiration

(fd), maximum ratio of internal to external COz2 (f0). Canopy height (canht) was retrived from observations at each site.

Parameter unit Default ATTO K67 K34 RJA
tupp °C 43 42.18 36 42.77 36
mol CQ; per mol
alpha PAR photons 0.08 0.05 0.066 0.061 0.05
fd dimensionless 0.01 0.011 0.0066 0.01 0.007
fo dimensionless 0.875 0.95 0.713 0.93 0.875
canht m
30 30 36 27 35

Figure 3 shows the simulated fluxes for GPP, Reco and NEE using optimized JULES parameters, JULES default
parameters, and simulations with the VPRM model. Observations are also depicted, as reference. The statistical metrics RMS
andd (Equationsl6 and17) were calculated in each case, to assess the performance of each model setup in reproducing the
observations. The new parameterization reduced RMSE for GPP and NEE in all flux towers, in comparison to the default
parameter values and VPRM results. Howetee optimized parameter values did not improve the Reco simulations. It is
important to note thalEE was the control variable in the calibration process so that the GPP and Reco partitioned fluxes were
indirectly optimized.NEE was used as the control variable because it is directly measured in the flux towers, without
assumptions regarding to the partition into GPP and respirations.

The seasonality of the carbon fluxes vibaster representday JULES optimized utilizing the Neldévlead method
(Figure 3) Although JULES optimized did not capture therease in GPP in the dtg-wet season transition (GBtec),the
new version of JULES reduced the error in GPP in relatiohthe default version and VPRM in each season of the Vaar.
difficult in representingrepreserthedry season effectsy the modelsvaserealso described by Restre@pupe et al. (2013)
whothatobserved a different dynamic during the dry season in RJA tower, which is a region near to pasture and with a rainfall
regime different from the equatorial region represented by ATTO, K67 andd{Bdnhs In most procesbased vegetation
models, GPP is strongly associated with hydric stress, which may not be adequate for some Amazonian regions where le:
phenology and litter fall dynamics could play an important role (Rest@snpe et al., 2017; Botia at., 2022).JULES
optimizedwas the versiothatbetter representettie observed carbon sink (NEE<0) between September and January at the
K67 tower. Reco was overestimated in November and December, due to the direct relation between the dark respiratiol

coefficient (fd) and Vgax(Clark et al., 2011, equatiol). Despite the limitations in the reproduction of the carberes

17



seasonality, the optimization of JULES parameters resulted in improved estimates for annual means in NEE, reducing the bia
in comparison to the default parameter values.

465 VPRM demonstrated weaknesses in simulating GPP seasonality, and the error magnitude in NEE was higher than ir
the optimized JULESnodeland, in some regions (K67 and K34), even higher than its default version. Botia et al. (2022),
comparing different modelst then ATTO tower, reported that VPRM demonstrated low efficiency in capturing carbon
seasonality in this region. This was attributed to the taoklel representationf@f-methods-for-caleulatinbydric stress, as
the only water scaling source was the Water Scale Index, derived from remotely sensed Land Surface Water Index usin

470 MODIS reflectance data (Chandekar et al., 2010 and Gourdiji et al., 2022).
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Figure 3: GPP, Reco, and NEE simulations using different model setups and observations at each flux tower in Amazonia. The
observed data in the plots is the@jregate value foecumulated during-each month of the year, and the RMSE error described is the
daily average during the year in g C n? day.

3.2. Spatialization of JULES parameters

Considering the variability of the optimized parameters for different sites of the Brazilian Amazon biome (Table 5),
simple linear regression models were developed to extrapolate the parameter values for the whole Brazilian Amazon. As
predictors, vegetation characteristics describedaiBection 25.3, namely LAl and canopy height, were used. Table 5 shows
the linear regression models developed for the JULES paramdthrthe highest sensitivity. The reasoning behind each
regression model is available in section 3 of the supplementary material, where maps showing the spatialized values for th
JULES parameters and the relationship of each parameter with the respegétation index are alswovidedshown

The relationship between each parameter and the selected predictor is shown in Figure 4. Canopy height was selecte
for tupp and alpha, while LAl was selected for fO and fd. Tupp showed an inversely proportional relationship with the canopy
height (FigureS.3.2.2), which is consistent with that fact that Joanopy plants like C4 grasses typically have higher
temperature thresholds for photosynthesis. The parameter alpha did not show a clear relationship with any of the predictors
resulting in a rather catant behavior against canopy hei@higure S.3.3.2). Canopy height was chosen as a predictor for
alpha to obtain the expected lower quantum yields for C3 and C4 plants (0.G56ahbISkilman 2008) (Figure S3.3The
correlation of alpha with canopy height is small; however, as alpha in the Amazon has a small range of variation (betweer
0.05 and 0.06 mol mol T for C speci es, in | ine wulth SKki
Parameter fO was positively associated with LAl (Figure S.3.4.2), consistent with the fact that fO is expected to bthkwer in
arc ofdeforestation compared to forest sites. #farfd parameter, the selected predictor was LAI (Figure S.3.5.2), which is

expected to have a positive relationship with fd, given the greater photorespiration efficiency in C4 plants.
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Figure 4: Spatialization of the parameters tupp (pper-temperature threshold for photosynthesi¥, alpha (uantum efficiency), fO
(maximum ratio of internal to external CO2), and fd (scale factor for dark respiration) for the Amazon biome using two different

methods: based on canopy height and based on LA

The regression equations were used to obtain the parameter values at the K83 tower site, which was left aside in th
spatializatiomparametizationprocess. Using a canopy height of 28 m and an average LAl value of 3.78, as described in section
24, the parameter values obtained for K83 were used in a JULES simulation for the year gfr20@iingbtainingthe
GPP, Reco and NEE fluxes depicted in Figure 5.

Table 5: Parameterization based on the spatialization in the Amazon region for four JULES parameters in Tower K83

Parameter Equation R2 Value extrapolated to K83
Tupp (°C) 66.62120.85574*Height 0.94 42.66
alpha (mol mot) | 0.04942 + 0.00022*Height| 0.01 0.056
fO 0.40266 + 0.10577*LAl 0.87 0.802
fd -0.00101+0.0022*LAl 0.91 0.0073

, comparec
against-observations-inFigure-Bhe most relevant aspect was the improvement in GPP reducing the RMSE in 37% in
comparison to the default version of JULES and 39 % in comparison to the VPRM model. Observations at the K83 tower
showed a weak annual cycle in the carbon fluxes, which wia$astorily reproduced by the models. Overall, this validation
process indicates that the method used for the spatialization of JULES parameters provided satisfactory estimates in a fore
site that was left out of thegeession models.
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Figure 5: GPP, Reco, and NEE fluxes in the independent Tower of validation K83, for the year of 2001.The observed data in the
plots is the accumulated during each month of the year, and the RMSE error described is the daily average during the yeagi@
m2day™.
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3.3. Spatial variability of carbon fluxes in Amazonia

After validation with an independent tower (K83), we were confident in using JULES to estimate carbon fluxes across
the entire Brazilian Amazon biome for the year 2021. This year was chosen to allow comparison of the simulated carbon fluxes
525 with recently eleased or updated global datasets. The simulations used the spatialized values of the 5 most sensitive paramete
of the BEFTR JULES PFT (Fig. 4). Default parameter values were used for other PFTs in the Amazob&sgsite the fact

that the JULES model was not able to reprodureeiselythe carbon flux seasonal cycles (Fig. 3), it is important to assess the
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estimated spatial variability of NEE in months with contrasting meteorological conditions, investigating the model responses.
Figure 6 highlights the results from two representative months of the wet (April) and dry (September) seasons in Amazonia.
The mean GPP in April was 223 g C2month?, while the mean Reco was 170 g & month?, characterizing a
carbon sink (NEE) 0f53 g C n? month?. During the dry season month (September), there was an increase in GPP, reaching
a mean of 240 g C fhmonth?, andin Reco, with a mean of 182 g CZmonth?, increasing the carbon sink #68 g C n?
month'. The fact that GPP was not reduced by water limitation during the dry season also was observed by@QResgteepo
et al. (2013) who observed an increase in GPP during the dry season based on observations at the flux towers K34, K67 ar
K83.
The Reco value estimateby JULES are underestimated in the wet sedéqmil) when compared to Botia et al.
(2022), which reported a mean value of 350 g-&monthfor the wet season at the ATTO tower. In the dry season, however,
Reco estimates were similar to the values reported by Botia et al. (2022) (200?gn@ntii?) in the same region, which

suggests that further improvements are needed to better reproduce the seasonalitygsfrRederly, in the Amazon basin
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Figure 6: Monthly accumulated GPP, Reco, and NEE for April and September, representing the wet and dry season in the Brazilia

545 Amazon biome in 2021.
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To further evaluate the spatialized model results, the simulated NEE fluxes for the year of 2021 were compared to the
following estimates (Figure 7): i) European Carbon Tracker CT 2022 (Jacobson et al., 2023); ii) FiXSletaon et al.,
2024); i) JULES simulation using fixed average values for the BRI parameters, considering the optimized values
presented in Tablé; iv) JULES simulation using default parameter values (Harper et al., 2016).
Figure 7 clearly shows that the three different modelling approaches using JULES (optimized, default, and spatially

fixed best adjusted parameters) result imanease in the estimateeerestimatiomfthecarbon sink in Amazonia (i. e., more

negative NEE values) during both the wet and dry seasons, when compared to Carbon Tracker andXITk@aiJLES

run with spatialized vegetation parameters reveals spatial structures in the NEE fluxes, such ssntieadescarbon sink
observed irthe far western Amazonian region (Acre state). There are no carbon flux measurements in this region to be usec
as ground truth, but the optimized Carbon Tracker estimates also indicate less intense carbon sink in this area, twogven a ca
source (NEE>0) in the wet season (Figure 7). Another spatial pattern revealed in the JULES simulation with spatialized
vegetaibn parameters was a reduced carbon sink in northern Amazonia (Amapa state and northern Para state), where t
Carbon Tracker and the FluxCexhdatasets also detected reduced carbon sinks or even carbon sources.

The regions of Acre and Amapagiensdemonstrated a high carbon source. What these regions have in common are
canopy heights above the average, with trees reaching above 35 m in @igapa 1). Compared to FluxCe, JULES
simulated a stronger carbon sink across the Brazilian Amazon biome during both the wet and dry months, except in forest
located in the states of Amapa and Acre (Figure 7). This feature was also observed inatpe AVEES version and can be
attributed to a modification of the tupp parameter in the BIRT(43°C). RestrepaCoupe et al. (2017) simulated a reduction
of GPP during the dry season, however the version used in this studiye®ak based on the pararagzation of Clark et al.

(2011), which considered a tupp of @5in comparisonvithef our study that utilized a tupp betweena6to 45°C as a limit
in the calibration procedure. Al so, another relevant as
was the higher values of fO observed in some regions calibrated in this study, such as ATTO and K34 (0.95 and 0.93

respectively), in comparison with the default valdeterminedy Harperet al (2016) (0.875)The modification of fO led to a

reduction in watertsess, mainly in areas of the Amazon associated with the Amazon basin and the northern region of the State
of Mato Grosso. Moreover, f0 may also help explain the carbon source in the states of Amapé and Acre, as the calibratior
procedure indicated an fO value near 0.7 in regions with more sparsely spaced trees (LAl <4.0), which can contribute to ar
increase oReco, as shown in Figure 3.

Although JULES simulations highlycreaseverestimatedhe carbon sink, they showed a simitarasonatrend
compared to the Carbon Tracker estimates, with an increase in magnitude of the carbon sink from April to September. The
states of Acre and Amapa showed similar patterns to Carbon Tracker, both representing a reduced carbon sink in this are:
(less than 50 g C ¥month') (Figure 7). This similarity can be explained by the effects of the spatialization of JULES
parameters mainly in regions with tall trees as the case of forests of Amapa and Acre. During the wet month, Carbon Tracke

showed a larger carbon source areasctbhe Amazon biome compared to FluxGCEmwhich represented a carbon source
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580 mainly in April in Amapa, in some regions of Amazon basin, the state of Acre, and the deforested areas of Roraima. (Figure

7). During September, Carbon Tracker was similar to Flux3oim representing a carbon sink across most of the Brazilian

Amazon biome. However, FluxCei showed a carbon source in the arc of deforestation, which was not indicated by either
JULES or CarbofTracker. Another important aspect was thatghetializedJULES modebkpatializedeads to a weaker sink

of carbon in NEE in comparison to the default and mean versions (Figure 7).
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Figure 7: Comparison of NEE fluxes for April (wet season) and September (dry season) of 2021 using different modeling apphaesc

JULES model with spatialized vegetation parameters (spatialized JULES); European Carbon Tracker, FluxCot, JULES model

using the spatially constant mean values of optimized vegetation parameters (mean JULES), and JULES model using default
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590 vegetation parameter values (default JULES). Differences between spatialized JULES and the other estimates are also presented

Positive and negative differences indicate stronger carbon source sink, respectively.

After applying the spatialization procedure and comparing with different models, the JULES model was run for the
entire year of 2021. Monthly accumulated NEE values were summed up from each 1° x 1° pixel to estimate NEE for the
595 Brazilian Amazon biome, retting in -1.34 Pg C year’. It is important to mention that this value represents the sum of
different regions within the Amazon biome (Figure 8). The-pear accumulation revealed that the most concentrated carbon
sources are located in the states of Amapa and Acre, with values exceedikg 7% year of carbon released to the
atmosphere. Some regions stood out as strong carbon sinks (hed¢g C m? year?) suchas the forest in the north of the
State of Mato Grosso (longitude W8 and latitude 125) and the forest of Sdo Gabriel da Cachoeira (longituéy &hd
600 latitude @ N). Theforests in the Amazon basin also demonstrated a high carbon®ipk {o 1.0Kg C m? year™) during

2021.
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605 Figure 8: NEE accumulated inKg C m? during 2021 in the Brazilian Amazon biomein the spdialized JULES model

4. Discussion

This section will discuss some relevant results demonstrated in this Jtheyfirst aspect is related to tmew

610 parametrizatiorf JULES model in four different sites of the Brazilian Amazon bidakéng into account thadjustmenbf
the most sensitive paramet&fsJULES The NelderiMead method was able to optimize JULES model and these¢ of

parameters was applied to develapethod of spatializatioutilizing linear regressions with the dependent variable as ganop

height or LAl and independent variable the most sensitive parameters adjusted in the calibration pideedacend aspect

of the discussion is related to the NEE estimative utilizing the JULESaBped. In this aspect, JULES spatialized

615 demonstrated a carbon kinf -1.34 Pg C i in the year of 202being demonstratedsirongcarbonsource in the states of

Acre and Amapa, regions characterizgdspecific climatic and vegetatiocharacteristicyespectively

4.1. JULES optimization

620 The optimization of JULES for four parameters at the four flux tower sites in this study showed convergence in their
values, consistent with the findings of Clark et al. (2011) for tupp valuéGRfbr Santarém and Jaru, and the fO value for
Jaru (0.875). Additionally, the fO value calibrated for Santarém in this study was close to that reported by Rao@ii6},al. (2
which was 0.765. The tupp values for ATTO and K34 vemdlar tothose reported by Harper et al. (2016), who increased
tupp to 43°C for tropical forests. The parameter fd was similar to the value reported by Harper et al. (2016) for ATTO and

625 K34, however, it was lower than 0.01 for Santarém and Jaru, with values of 0.0066 and 0.007, respectively. The alpha
parameter was lower than that in all previous JULES calibration studies for each of the towers. However, the results of this
study for alpha parameter are in line with the values near 0.05 and 0.06 mol PAR moé@@ted by Skilmann (2008), who
analyzed different types of;@lants, including Broadleaf Evergreen Trees. This could be explained by the way that the default
version overestimated GPP in comparison to the calibrated version (Figure 4).

630 The crossvalidation procedure also showed that the alpha parardieterot show a linear relationship with canopy

height or LAl (Figure S4.2)This may be explained by the fact that the values for each tower were nearly constant, with a

difference of only 0.0018 mol PAR mol G while the other parameters exhibited greater variability between sites. In

practical terms, the spatialization of the alpha parameter was almost the same as using its mean value all over #iéistudy are

635 This-may-be-explained-by-the factthat-the values-for-each-tower-were-nea onstant-with-a-difference-of-@myd) 001

PAR mol-CQ*while-the-other parameters-exhibited-greatervariability-between Fhesspatialized JULES also showed
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lower RMSE for NEE compared to VPRM modekvery tower approached in this study, including the validation tovhis

can be explained by the greater complexity of how JULES estimates GPP and, particularly, Reco. VPRM uses a simplel
approach, relying on a linear regression in which air temperature is the sole independent variable (Gourdji et al., 2022). In
contrast JULES estimateGPP andReco with more sophisticateequations that account for factors such as water stress
nitrogen content in different plant components (Best et al., 2011; Clark et al., paafigsynthesis light saturation (equation

3), andCO; leaf concentration (equation 5). The optimization of the parameters alpha, tupp, fO and fd explain the improvement

in the performance compared to the default version and to the VPRM model.

4.2. NEE estimates using JULES spatialized

The first relevant aspect that spatialized JULES was able to reproduce was the increase of GPP during the dry seaso
showing that water may not be a limitation for carbon assimilation in the Amazonian dry season (Figure 3 and Figure 6).
RestrepeCoupe et al. (2013) also observed the same feature by comparing differerideddyianceiFowers spread in the

Brazilian Amazon biomeDne potential improvement to this methodology would be to consider parameters, primarily the leaf

area index (LAI), which varies throughout the seasonal cycle. This is because the photosynthetic capacity of the canopy an

leaf phenology are among the main seasonal drivers in this region (ReStepe et al., 2013). Using different

parameterizationsitoughout the year would provide a more accurate description of the effect of leaf phenology in different

zones and seasotwcover the heterogeneity trees. This is particularly important for the emergence of leaves, which open

their stomata more frequently for photosynthesis than older leaves approaching senescence (Wu etHhe 204B)driver

estpepet-ak2013)-The

alThedabsence of phenology
representation in some procémsed models was noted by Restr€qmupe et al. (2017) and Botia et al. (2022), who observed

a tendency for these models to underestimate GPP during the dry season. In contrast, the spatialization method used in tf
study, i ncorporating varying parameters based on LAI an
Reco with geater diversity (Figure 6).

The spatialized JULES generated values of NEE between 0.78.28KKg C m? year®. This rangericludes the mean
value reportestaccording-to-the-ebservby Lian et al. (2023), which estimated an average value of NEE in the South America
Forest of-0.205Kg C m? year! using a Randon Forest Model applied in a global system. The spatialized JULES also
demonstrated that the major focus of carbon sources was located in the states of Amapa and Acre (Figure 7). The forest
Amapa hashe-characteristic-of havirtall trees (> 35 m) and a low leaf area index (< 425md)-evenconsidering that this
region has the major abogeound biomass of the Amazon biome, reaching 518 Mg (Gmetto et al., 2023). The
spatialization reduced the tupp a@g which may lead to a reduction in GPP in relation to Reco, generating a carbon source
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in this region. A possible explanation is increased Reco in mature and tall forests, such as those found in the Amapa regior
West (2020) observed in a review of studies with different tree species that the costs of respiration increase over the year
while GPP remains constant, which could explain the net carbon source. The costs are based on adjustments in morpholog
and anatomy to construct new structures in the xylem, roots, and leaves to support the high amount of-Giontassing

the state of Acre there is a climatic condition that can explain the carbon source in this region, since annual mirdall is |
than 2000 mm (Silva et al., 2020), which can increase the cost of maintenance and hence the respiration to avoidshydric stres
It is important to havé&eddy-covariance measurements in this region, to confirm the trend of carbon source.

The total NEE estimated for the Brazilian Amazon biome demonstrated a carbon sink (NEBYoPg C year The
result obtained in this study is between the results obtained by Chen et al. (2024), which estimated the NEE in the Amazot
region using the Trendyll (-0.94 Pg C yea) and FluxCorrRS (3.46 Pg C yeal) modelson an annuabasisverage
between 200R015. It is important to mention that the FluxCom version utilized to analyze the NEE across the Brazilian
Amazon biome (Figure 7) is a new version with th&XSE database (Nelson et al., 2024) in comparison to the FluxCom
RS utilized by Chemt al. (2024). The new version of FluxCom reduced the global NEE in relatibr ftluxComRS (21
to-7 Pg C yeat). Trendy v11 is a dataset that provides global gridded carbon fluxes data from 16 different types of vegetation
dynamics models (Sitcht al., 202). Our result was closer tbe Trendy than to the FluxCoiRS, which can be favorable
considering the uncertainties in the NEE partitioning in Flux@withbeingthe Reco partitioned by the NEE instead of
subtracting GPP to get NEE (Jung et al., 2020). Due to this reason, FltlRSamderestimated Reco and tends to estimate
a higher carbon sink. JULES is included in Trendyly however, the version utilized torailate carbon fluxes was JULES
5.1 (Wiltshire et al., 2021). In this versialJLES has only five Plant Function Types and the version we utilized to simulate
carbon flux is v7. In this version, wesdiavethe parametrization specific fé¥e Tropical Evergreen Broadleaf treHarper
et al., 2016). Oneensitivityparameter modified in this version wiastupp (36C intheClark et al 2011 to £& intheHarper
et al., 2016). This could be a reason that the carbon sink in the Brazilian Amazon biome is larger than the JULES version ir
TrendyRENDBY, becauséig this parameteis relevant for GPP. Due to this reasonifie section S.5 ofhe Ssupplementary
material, we compared the default with the spatialized version and the version utilized in THEhthased on Clark et al
2011 parametrization which demonstetteat the Harper et al., (2016) version tends to overestimate the carberhgasad
the spatialized JULES version@epproximatewith observed data in ATTO tower for 2018:€ Supplementary material,

Figure S51).

In comparison with the annual value obtained by the mean and default versions of JULES (Harper et al., 2016), the
default version obtained a carbon sink-8f08 Pg C per year (see Supplementary Material, Figure S5.2), while the mean
version obtained a daon sink of-2.06 Pg C per year (see Supplementary Material, Figure S5.3). The default version of JULES
presented a value similar to that obtained by Fluxé®#n(3.46 Pg C per year), demonstrating that the calibration procedure
adopted in this study improved the carbon simulations by JULES despite the lack of H®&equations to simulate Reco.
Another pece of evidence demonstrating the improvements made by the calibration procedure is that the mean value of the

optimised parameters reduced the carbon sink in the Brazilian Amazon biome by 33.12% compared to the default value. Th
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spatialised version of JULES reduced the carbon sink of the Brazilian Amazon biome by 56.49% compared to the default
version and by 34.96% compared to the mean version, reaching a value closest to that provided b Tred@y Pg C

year 1) by Chen et al. (2024). This reduction in the ca
Figures S® and S5.3 for the default and mean versions, respectively. This can be considered the effect of the method of
spatialising the sensitivity parameters fO and fd, which are directly related to water stress (Clark et al., 2011)teassebarac

in this regon. The same aspect can explain why the spatialised version of JULES demonstrated a high carbon source in th

south of the Amazonian state (>0.50 kg C m | year 1), w
0 and 0.25 kg C m | year T1). However, it is worth noti:
versionsé JULES, reaching 0.75 kg C m | year 1. This sugges

the carbon source.

The result 0f1.34 Pg C yearwasa stronger sinkewerthan found by other studies related to the Amazon region as
Botia et al (2024)-0.33 Pg C yeal) and Rosan et al (2024)(34 Pg C yeal), however, some aspects need to be considered.
The first aspect is related to the number of years evaluated in these studies in relation to our study. We have jdghevaluate
year 2021 instead of other studies that evaluated more than ten yearssasetbé Chen et al (2024) and nine years as the
case Botia et al (2024)n order toasseass uncertainties and the importance of interannual variability in NEE, futuresstud
could perform simulations for additional years, using the spatializatiparaimeters developed hefldhe second aspect is
that the carbon flux obtained by Botia et al (2024) (Net Land Flux) is the sum between river fluxes and NEE; in oungimulatio
we have just the NEE obtained by vegetation, similar than the paper by Chen et al (2024) whichdgehi#titef-0.94 Pg
C year using the Trendy11 and 3.46 Pg C ye&using the FluxCorRS.-The third aspect is related to the fire emissions
that can contribute to reducing the carbon sink, this value canfreany0.09 Pg C year (Rosan et al., 2024) to 0.41 Pg C
year! (Gati et al., 2021).

Another important aspect to be mentioned and that can contribute to this distance between other models is that som

processhbased models can overestimate the carbon sink in tropical forests, as previously related by-Bespepsi al.,
(2017)and also by Botia et al. (2022) mainly when compared with inversion magdgias Carbon Tracker. The reason can

be explained by the incorrect assumption of water limitation and the lack of leaf phenology in model formulations (Gongalves
et al., 2020). Ao, JULES demonstrated a higher sink in other types of vegetation presented in the Amazon biome as C4 gras:
(Harper et al., 2016) and C3 crops (Williams et al., 2017; Prudente Junior et al., 2022) in regions such as the states of Mat
Grosso, Roraima, and east of Para (Figure 8). In a region predominantly composed by C4 grass (longiidatade

7.5°S), with 84.5 % of C4 grass (see supplementary material, Figure S3.1.1), JULES simulated a carbe5nd Gfnr?

year! (Figure 8). Thsis valueof carbon sink is strongierhigher(more negative) than that reported by Bezerra et al., (2022),

which obtaned in eddyCovariance tower a NEE annual mean2if5 g C n? year! in the Brazilian Northeast, working with
Urochloa brizanthacv Marandu, the most relevant pasture used in the arc of deforestation. This indicates that tropical grassland
can be considered a carbon sink mainly in regions with latitude ng&rt@3», with similar radiation levels during different

seasons of the year. However, it is important to point out that the improvement of grassland parameterization is out of the
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scope of the current study. One step that can improve the estimate of NEE in the arc of defosestatisnthealibration
and evaluation in agricultural crops, which can reduce the carbon sink in the regions of Mato Grosso and ARuHiara.
area for improvement in future studies would be to use other canopy height databases, such as those based on airbor
lidattlBAR- observations, to improve the spatialisation of plant physiological parameters
The spatialized JULES demonstratedteongehigher carbon sink in comparison to FluxCexhand the European
Carbon Tracker in the Amazon basin, deforestation arc, and North of Mato Grosso, althmighaitegresented higher
carbon source in the states of Acre and Amapa. However, the new optimization and the spatialization approach showet

improvements over the version used by Harper et al. (2016), which applied averaged optimized pagimBsarsegarding

the spatialization carbon fluxes in the Amazon Forest utilizing presessd model are rare, however, Zhu et al., (2025)

demonstrated some similarities with our work in the sensitive parameters in ORCHIGdEE regarding to light and nitrogen

limitation for photosynthesis and to demonstrate the heterogeneity of carbon fluxes when utilize a spatialization nmethod taki

into_account the vegetation differences in a tropical forest, Although, these two studiedrds®e same conclusion, the

methodologies employed were very different. Our study &skely-covariance towers and a statistical model to spatialize

carbon fluxes based on sensitive, calibrated parameters and vegetation properties. By contrast, Zhu et al.'s (2025) study us

satellite observations of tree aboveground biomass and gross primargtmmodGPP) at a very different spatial scalin

addition to reducing the estimated carbon sink, it also highlighted the influence of vegetation heterogeneity on the spatial

distribution of carbon budget across the Amazon biome, particularly in ties sfaAmapé and Acre.

5. Conclusions

This study presented a new method to estimate NEE dioadjusted land surface model, with parameters spatialized

idlwvongelevant vegetation properties: Canopy height and
LAI. The first aspect presented in this study was to demonstrate the most sensitive parametersvioni MEE rdeing-the
canht, tupp, alpha, fO and-fde-mostimpertant parameters-for the parameterization-procetheeptimization of selected
JULES parameters for the PFT BHR led to a reduction in both RMSE and théndex across all four analyzed towers,
when compared to the default parameter values and the VPRM model. Our attempt of spatialization was inahdate
independent tower, generatiagetter performance than VPRM and the default version of JULES. In general, the spatialized
JULES model showed a stronger carbon sink in the northern Amazon region and across the Amazon basin compared t
FluxComX and Carbon Tracker, particularly during tihey seasomenth-ef-SeptembeHowever, the spatialized version of
JULES also indicated significant carbon source regions (> 75 g?@amth') in Amapa and Acre. This highlights the
importance of considering how forests with tall canopy height (>35m), such as those in Amapa, and the influence of climate
conditions, as observed in Acre, contrtié to the overall carbon budget. The spatialized JULES resulted in a NEE@stama

of -1.34 Pg C during 2021, which is a value that approaches d@iege dynamic vegetation models for the Amazon biome.
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Despite the advances presented in this study, some aspects still need more robust explanations. One of these aspect:

related to the strong carbon source in the regions of Amapa and-icrever, thebeing-thesimulations-obtained-bJULES
spatialized simulatioin 2021gavea relevant aspect to better investigate the carbon balance in these regions. It is important

to note that this study developed an optimization of JULES using a limited nunbatdyf-cCovariance towers. While this
approach improved model simulations, further improvements could be achieved by installing additional towers in different
forest types across the Amazon region, especially in regions with tall canopy heights (> 35 m). Another aspect that could be
improved & the simulation of regions dominated by agricultural land uses, such as soybean, maize, and pasture. These arec
particularly in northern Mato Grosso, are relevant because the model currently simulates them as carbon sinks. Despite th
development of JUES-crop, this model is not coupled in the most recent version of JULES, a feature that could improve
simulations in agricultural zones. Additionally, calibration and evaluation using-Eddwriance towers in croplands and
pastures could improve model performance in the deforestation arc. Despite these limitations, this study highlights the
relevance of spatializing NEE using vegetation indices, demonstrating how this approach can inegevedtiomapping

of carbon fluxes in the Brazilian Amazon biome by identifying source and sink regions in relation to forest height gnd densit
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minimum | maximum
Parameters Description value value

alnir Leafreflectioncoefficientfor NIR. 0.225 0.675

Leaf reflection coefficient for VIS (photosyntheticallyactive
alpar radiation). 0.05 0.15
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alpha Quantumefficiency (mol/mol). 0.04 0.12
canht_ft Canopyheight(m). 19 50
catchO Minimum canopywatercapacity(kg/m?). 0.25 0.75
dcatch_dlai | Rateof changeof canopywatercapacitywith LAl (kg/n?). 0 0.2
dgl_dt Rateof changeof leaf turnoverratewith temperaturg¢k'?). 4.5 13.5
dqcrit Critical humidity deficit (kg/kg). 0.045 0.135
Rateof changeof vegetationroughnesdengthfor momentum
dzOv_dh with height. 0.01 0.15
fO Valuesof the maximumratio of internalto externalCQOs,. 0.7 0.95
Fd Scalefactorfor darkrespiration. 0.005 0.025
g_leaf O Minimum turnoverratefor leaves. 0.125 0.375
glmin Minimum leaf conductancéor H20 (mmol/n¥/s). 5.00E07 | 1.50E06
Light extinction coefficient usedwith B e e Lawdor light
kext absorptiorthroughtile canopies. 0.25 0.75
kpar PAR Extinction coefficient(m?m?). 0.25 0.75
g][0] Top leaf nitrogenconcentratior{kg N/kg C). 0.023 0.069
r_grow Growthrespiratiorfraction. 0.125 0.375
rootd_ft Rootdepth(m). 0.5 6
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tleaf_of Temperaturdelowwhich leavesaredroppedK). 273.15 283.15

tlow Lower temperaturehresholdfor photosynthesi¢’C). -5 15

tupp Uppertemperaturéhresholdfor photosynthesi§’C). 20 50
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parameter MAD RMSD (g C m2day?) parameter var(%)
canht_ft_io 16.5781 canht_ft 193.38
fd 12.3263 fd 141.81
alpha 4.1886 alpha 45.06
tupp 2.0199 fo 15.93
fo 1.6988 tupp 13.24
dqcrit 0.8584 dgcrit 11.61
r_grow 0.7734 r_grow 5.79
dzOmax 0.4571 dzOv_dh 5.00
root 0.3521 root 4.66
tlow 0.1391 tlow 1.90
alpar 0.0896 dcatch 1.00
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dcatch 0.0788 alpar 0.88
catchO 0.0238 catchO 0.32
kext 0.0046 kext 0.08
glmin 0.0007 glmin 0.02
alnir 0.0000 alnir 0.00
dgl_dt 0.0000 dgl_dt 0.00
kpar 0.0000 kpar 0.00
n10 0.0000 n10 0.00
tleaf 0.0000 tleaf 0.00
gleaf 0.0000 g_leaf 0.00
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1160 Figure S21: Sensitivity analysis of main parameters of JULES for NEE variable in ATTO tower representing the
Brazilian Amazon biome during the year of 2018.
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Figure S2.2.: Daily NEE simulated by JULES in ATTO tower based on Harper et a(2016 parameters during the year

of 2018
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Mapbiomas JULES PFT Descrption
ForestFormation BET-TR BroadleafEvergreertress- tropical
Savannalormation ESH Evergreerschrubs
Mangrove BET-TR BroadleafEvergreeriress- tropical
FloodableForest BET-TR BroadleafEvergreertress- tropical
WoodedSandbank/egetation ESH Evergreerschrubs
GrasslaneSavannah ESH Evergreerschrubs
HypersalineTidal Flat ESH Evergreerschrubs
HerbaceouSandbank/egetation ESH Evergreerschrubs
Pasture C4 C4grass
Soybean C3 C3grassandcrops
Sugarcane C4 C4grass
Rice C3 C3grassandcrops
Cooton C3 C3grassandcrops
Pereniakrop ESH Evergreerschrubs
ForestPlantation BDT BroadleafDecidiousTrees
Beachesguneandsandspot Baresoill Baresoil
UrbanArea Urban Urban
Mining Baresoill Baresoil
River, LakeandOcean Water Water
Aquaculture Water Water
Not observed Baresoil Baresoil
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alpha=0.04942 + 0.00022*canopy height
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f0=1.50285 - 0.01987*canopy height
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fd=0.02322 - 0.00046*canopy height
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1260 Tab$4.Plh:ysi ol ogfi @drdJlL Br® sstensi tpiav

optimization

ia tmid ¢ote m s pfi crad p p $fiodtd | dMem d

Parametg Physiological : Minimum Maximum
. unit
r limit Reference Reference
tupp_io 36-45 Celsiusdegree Clarketal.,2012 | Dreyeretal.,2001
alpha_io| 0.05-0.011 mol CO; permolPAR | gy i mann2008 | Sklimmann2008
photons
fd_io 0.005-0.015 dimensionless Clarketal.,2011 | Harperetal.,2016
fO_io 0.7-0.95 dimensionless Li etal.,2016 Li etal.,2016
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tupp LOOCV
Mean Squared Error (MSE): 2.8906549311257113
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alpha LOOCV
Mean Squared Error (MSE): 0.00022041736803927634
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fO LOOCV
Mean Squared Error (MSE): 0.0072222790382107036
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fd LOOCV
Mean Squared Error (MSE): 1.0939454014791245e-06
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