Supplement of Geosci. Model Dev., 18, 4915-4933, 2025
https://doi.org/10.5194/gmd-18-4915-2025-supplement
© Author(s) 2025. CC BY 4.0 License.

Supplement of

Spatially varying parameters improve carbon cycle modeling in the
Amazon rainforest with ORCHIDEE r8849

Lei Zhu et al.

Correspondence to: Philippe Ciais (philippe.ciais @lsce.ipsl.fr), Yitong Yao (yyao2@caltech.edu), and
Wei Li (wli2019 @tsinghua.edu.cn)

The copyright of individual parts of the supplement might differ from the article licence.



This file includes:
Supplementary Texts S1-S3
Supplementary Figures S1-S24
Supplementary Tables S1-S4

References

Supplementary Texts
Text S1: Modifications made based on ORCHIDEE r8240

Text S1.1 NPP allocation

This ORCHIDEE version (r8240) is not well calibrated in the tropical region. Previous
study mainly focuses on the calibration of NEE or GPP, but ignore the carbon allocation
(Bastrikov et al., 2018; Raoult et al., 2024). The NPP allocation scheme in the
ORCHIDEE model follows the pipe model theory (Shinozaki et al., 1964; Naudts et al.,
2015), which assumes that the production of one unit of leaf mass requires a
proportional amount of sapwood for water transport from roots to leaves, along with a
corresponding proportion of roots for water uptake from the soil. The pipe model

follows the following formulas (Naudts et al., 2015):

X M
M, = L (s1)
dp
M
M, = ———— (s2)
ksar X dh

where Mi, M and M; are leaf, sapwood, and root carbon mass, d is the tree height, fkr
is the scaling factor to convert sapwood mass into leaf mass, ksar is the scaling factor to

convert sapwood mass into root mass. fkr and ksar are calculated as:
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where kismin 1S the minimum observed leaf area to sapwood area ratio, Kismax is the
maximum observed leaf area to sapwood area ratio, fpgap is the gap fraction calculated
from the gap model, kicon 1s the hydraulic conductivity of roots, kscon 1s the hydraulic

conductivity of sapwood, ks is the longevity of sapwood, and k« is the root longevity.

Because of the different turnover rates in different biomass pools at each time step, the
NPP allocation first ensures that the model adheres to the allometric relationships. The
remaining NPP is then allocated for vegetation growth. To achieve the appropriate NPP
allocation fraction for each biomass pool, we adjusted both the turnover rates and the

allometric relationships.

Chave et al. (2010) collected leaf litterfall data from 81 sites across South America.
After excluding data from short-statured, montane, and secondary tropical forests, we
used the remaining 61 sites to calibrate the leaf turnover parameter in the model. Leaf
turnover (AMc,) is calculated at each time step (At) as a function of leaf age (Krinner
et al., 2005):

4
B | At kg
AMc,l = Mc,l X min O.99,fﬂ X k_l X k_l (55)
T T

where ki, i1s the mean leaf age, ka 1s the critical leaf age, and fu is an empirical
coefficient. After calibrating the model with the leaf litterfall data, the parameter f
changed from 1 to 16. We also modified the relationship between leaf efficiency and

leaf age following Chen et al. (2020).

We further adjusted the pipe model parameters to match the observed fractions of NPP
allocation to leaves and wood from Yang et al. (2021). They developed a data
assimilation model CAT (Carbon Assimilation in the Tropics) based on Bayesian
formalism, which estimated NPP allocation fractions to leaves and wood, constrained

by NPP, LAI, biomass, and SLA from both satellite and inventory data.

Initially, the modeled fraction of NPP allocated to leaves from the ORCHIDEE model



was 13.7% £ 0.3% (mean + standard deviation), which was underestimated compared
to observations (27.9% + 3.1%, Fig. S6a). This underestimation is primarily due to the
model's low estimation of leaf litterfall, with observed values of 3.0 + 0.5 MgC/ha
compared to 1.0 = 0.2 MgC/ha in the ORCHIDEE model (Fig. S6b). After calibration,
the modeled leaf litterfall increased to 3.1 = 0.2 MgC/ha, aligning more closely with
observations. Meanwhile, the modeled fraction of NPP allocated to leaves also
increased to 29.2% =+ 2.6%, close to the observation level. The modeled fraction of NPP
allocated to wood remained consistent with observations, both before and after

adjustment (Fig. S6c¢). All adjustments of parameters are summarized in Table S1.

Text S1.2 Wood density

In the ORCHIDEE model, wood density is a prescribed trait/parameter that influences
both carbon allocation and tree diameter. A higher wood density leads to a lower value
of the stem-to-leaf allocation factor fxr (Eq. S3), which reduces leaf biomass and
consequently lowers photosynthetic capacity. In addition, higher wood density results
in smaller tree diameters and increased stem density (Eq. 2). Although empirical studies
have shown that higher wood density is often associated with lower mortality rates
(Esquivel-Muelbert et al., 2020), this relationship is not currently represented in the

ORCHIDEE model.

Previously, the model applied a uniform wood density value for each PFT across all
land areas. However, in the Amazon rainforest, wood density varies considerably,
ranging from 0.4 gC/cm® to 0.8 gC/cm® (Mitchard et al., 2014). To account for this
variation, we updated the model by incorporating a spatially explicit wood density map
at a 1 km resolution, derived from four machine learning models, using the largest

available wood density measurements (Yang et al., 2024).
Text S1.3 Hydraulic architecture and drought mortality

We merged ORCHIDEE-CAN-NHA 17236 into ORCHIDEE r8240. ORCHIDEE-

CAN-NHA r7236 includes a plant hydraulic module that simulates leaf, stem, and root
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water potential for each circumference class, and models tree mortality due to hydraulic
failure by explicitly simulating the percentage loss of conductance (Yao et al., 2022).
Although this drought-induced tree mortality differs from self-thinning mortality,
during 2011-2020, it only impacted 25.2% of the grids in our analysis, leading to a 6.1%
reduction in where it lowered the average biomass and a 10.1% reduction in mortality
rates in these areas by 6.1% and 10.1%, respectively (Fig. S2). Overall, the AGB and
biomass mortality rates are still predominantly controlled by a rather than drought-

induced mortality during our study period.

Text S2: Active nitrogen content in the leaves

Given the limited observations available for accurately calibrating the nitrogen cycle in
the Amazon rainforest, and the fact that tropical forests are generally not nitrogen-
limited (Brookshire et al., 2012), we prescribed a leaf C/N ratio (reim) of 25 (Sitch et al.,
2003). We assumed that 10% of this nitrogen is allocated to structural tissues that do
not contribute to Vemax, and that the leaf nitrogen concentration profile within the

canopy follows the distribution of light. The M active 15 calculated as:

Moactive — MStruc — Mc, M 49
n,l — Mn1 = Mn, - e, — Mg X 0.4% (56)
c/n

where My is the leaf nitrogen mass (gN m2), M., is the leaf carbon mass (gC m), and

M;5%¢ (gC m™) is the structural leaf nitrogen mass.

Text S3: Temporal variation and trend of AGB, GPP and biomass mortality rates
Our parameter optimization framework is not designed to capture interannual variation
or long-term trends of GPP, AGB, or mortality. Here, we present the temporal dynamics
of these variables for the period of 2001-2020 (Fig. S24). Currently, due to a lack of
reliable observational data on the temporal variation or long-term trends of mortality
and AGB, it’s difficult to evaluate the model’s performance on the temporal dynamics
of mortality and AGB.

We compared the simulated GPP from the ORCHIDEE model with GPP from GOSIF
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during this period. With spatially constant parameters and spatially varying parameters,
the simulated multi-year regional mean GPP values from the ORCHIDEE model are
33.36+0.38 and 33.16+0.38 MgC ha™! yr'! (meanzstandard deviation), respectively. The
corresponding linear trends are 0.035 and 0.034 MgC ha™! yr? (p<0.05), respectively
(Fig. S24b). In comparison, the GOSIF-based multi-year regional mean GPP is
33.54+0.45 MgC ha™! yr'! with a trend of 0.049 MgC ha! yr? (p<0.05, Fig. S24b). The
correlation coefficients between annual regional mean GPP from the GOSIF data and
the ORCHIDEE model are 0.58 and 0.57 for spatially constant parameters and spatially
varying parameters, respectively. These results suggest that the model can roughly
capture the interannual variation and long-term trend of GPP from GOSIF, and our
parameterization framework has only a minor influence on these temporal dynamics.

The linear trends of AGB from the ORCHIDEE model are also similar between the two
configurations: 0.055 MgC ha! yr'! (p < 0.05) for spatially constant parameters and
0.054 MgC ha! yr'! (p < 0.05) for spatially varying parameters (Fig. S24a). The
increasing trend in AGB is consistent with field observations, which indicate that intact
Amazon forests continue to act as carbon sinks (Pan et al., 2024). No significant trend
was found for biomass mortality rates over the same period (p=0.65 for simulations
with spatially constant parameters and p=0.67 for simulations with spatially varying
parameters; Fig. S24c), and there is no regional and long-term observational data of

mortality for comparison.
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Figure S1. Soil texture map from Harmonized World Soils Database version 2.0
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Figure S2. Spatial pattern of AGB (a) and biomass mortality rates (b) difference
between simulations with and without drought mortality. 25.2% of grids are shown in

the figure where the difference in AGB exceeds 1 MgC ha™'.
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Figure S3. Five different GPP products in the Amazon basin (a) and their Pearson
correlation coefficients (b). Red dashed lines represent GPP observations (Table S4) in
the Amazon forest from Marthews et al. (2012) and Malhi et al. (2015). Sites with
temperature lower than 18°C and annual mean precipitation below 1,500 mm were

excluded from the GPP observations to be consistent with our study area.
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Figure S4. Relationship between above ground biomass (AGB) from field observations
and AGB from remote sensing data at the resolution of 0.1° based on (a) Yu et al. (2023);
(b) Santoro and Cartus (2024); (c) Avitabile et al. (2016); (d) Baccini et al. (2012). The
size of the dots indicates the plot area. The dashed red line is the 1:1 line. The black
solid line is the best fit between remote sensing data and observations weighted by plot

area.
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Figure S7. 20 sets of parameter values generated by Latin hypercube sampling.
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Figure S9. Maps of 8 explanatory variables at its original resolution. (a) Temperature;

(b) precipitation; (c¢) maximum cumulative water deficit (MCWD); (d) downward

shortwave radiation (SWdown); (e) wood density; (f) clay fraction; (g) total available

phosphorous; (h) water table depth. The detailed information for each variable is listed

in Table S3.
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Figure S19. Same as Fig. S18 but for 1.
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Figure S20. Relationship between MCWD from CRUJRA and GPP from GOSIF.

25



4000 60
3500f
3 50f
g &
3000} § 5
= B
= = 401
'E 2500+ & B . §
E l | s
c ] [ ] o
S 2000} i 2 30}
= L] kS
o @ c
'S 15001 =
a g 201
1000} 2
s
w 10f
500
0 0

0 10 20 30 40 50 60 o 10 20 30 40 50 60
Clay fraction (%) Clay fraction (%)
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Supplementary Tables

Table S1 Modified parameters in the model

Symbol in the text

Default After
(Symbol in Unit Description Reference
value  modification
ORCHIDEE model)
8.944E- Belowground (roots + soil) Yang et al.,
krcon (k_belowgroud)  m?/kg/s/Mpa 4E-07
08 specific conductivity 2021
Minimum leaf-to-sapwood area Yang et al.,
Kismin (k_latosa_min) - 7500 10000
ratio 2021
Empirical coefficient for leaf Chave et al.,
fu (turnover C3) - 1 16
turnover 2010
Santoro et al.,
a spatially Coefficient of the self-thinning ~ 2023; Li et al.,
m 1941
(alpha_self thinning) varying map relationship 2019; Yu et al.,
2024
Santoro et al.,
spatially Nitrogen use efficiency of 2023; Lietal.,
n (nue_opt) umolCO2/gN/s  14.08
varying map Vcemax 2019; Yu et al.,
2024
Wood density spatially Yang et al.,
gC/m’ 287458 Wood density
(pipe_density) varying map 2024
Sitch et al.,
rem (cn_leaf) gC/gN 16-45.5 25 CN ratio of leaves
2003
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Table S2 Look-up table for 12 soil class properties defined by the United States

Department of Agriculture (USDA). Ks: hydraulic conductivity at saturation; VG_n:

Van Genuchten coefficients n; VG a: Van Genuchten coefficients a; mcr: residual

volumetric water content; mcs: saturated volumetric water content.

Clay Silt Sand Ks VG VG a mcr mcs
(%) (%) (%) (mmd") n() (mm') @m’) (' m?)
Sand 3 4 93 7128.0 2.68  0.0145 0.045 0.43
Loamy Sand 6 13 81 3501.6 228 0.0124 0.057 0.41
Sandy Loam 11 26 63 1060.8 1.89  0.0075 0.065 0.41
Silt Loam 19 64 17 108.0  1.41  0.0020 0.067 0.45
Silt 10 84 6 60.0 1.37  0.0016 0.034 0.46
Loam 20 40 40 249.6 156  0.0036 0.078 0.43
Sandy Clay
27 19 54 3144 148 0.0059 0.1 0.39
Loam
Silty Clay
33 59 8 16.8 1.23  0.0010 0.089 0.43
Loam
Clay Loam 33 37 30 62.4 1.31  0.0019 0.095 0.41
Sandy Clay 41 11 48 28.8 1.23  0.0027 0.1 0.38
Silty Clay 46 48 6 4.8 1.09  0.0005 0.07 0.36
Clay 55 30 15 48.0 1.09  0.0008 0.068 0.38
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Table S3 List of the independent variables

Variable name Unit Original Time Data source
Resolution

Mean annual temperature K 0.5° 2001- CRUJRA2 4

(MAT) 2020

Mean annual mm 0.5° 2001- CRUJRA2 4

precipitation (MAP) 2020

Maximum cumulative mm 0.5° 2001- CRUJRA2 4

water deficit (MCWD) 2020

Downward shortwave W/m?  0.5° 2001- CRUJRA2 4

radiation (SWdown) 2020

Wood density gC/em® =1 km Historical ~Yang et al., 2024

Clay fraction % ~1 km Historical HWSD2

Soil total phosphorus mg/kg =10 km Historical Darela-Filho et
al., 2024

Water table depth m ~1 km Historical Fanetal., 2013
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Table S4 List of the GPP observation values used in Figure S3

Site name GPP Latitude Longitude Data source
(MgC ha-1 yr-1)
San Pedro plot 1 30.03 13°2' 56.89" 71°32"12.6" W Marthews et
(SPD-01) S al., 2012
San Pedro plot 2 38.31 13°2'56.89"  71°32'12.6"W  Marthews et
(SPD-02) S al., 2012
Tambopata plot 3 37.11 12°50'18.59"  69°17'45.65” W Marthews et
(TAM-05) S al., 2012
Tambopata plot 4 34.69 12°50'18.59"  69°17'45.65” W Marthews et
(TAM-06) S al., 2012
Manaus, K34 Tower 30.4 2°3521.08" S 60°6'53.63"W Marthews et
al., 2012
Caxiuana Tower plot 38.2 1°43'11.26" S 51°27'29.45 W Marthews et
(CAX-06) al., 2012
Caxiuana Tower plot 33.0 1°43'11.26" S 51°27'29.45 W Marthews et
(CAX-06) al., 2012
Caxiuana Tower plot  32.0 1°43'11.26" S 51°27'29.45 W Marthews et
(CAX-06) al., 2012
Allpahuayo A 39.05 3°57'0" S 73°26'0" W Malhi et al.,
(ALP11/ALP12) 2015
Allpahuayo C 41.88 3°57'15.48" S 73°25'36.12"W  Malhi et al.,
(ALP30) 2015
Caxiuana Control 34.37 1°42'57.60" S 51°27'25.20"W  Malhi et al.,
plot (CAX-04) 2015
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