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Abstract
This study presents the carbon net primary productivity (CNPP) module, an imple-

mentation of the simple generic crop model (SIMPLE model) that we have extended

to predict aboveground and belowground biomass production and carbon assim-

ilation. The goal for this module is to predict biomass inputs at and below the

soil surface, during and at the end of crop cycles, while integrated into a broader

environmental carbon simulation framework, ProCarbon-Soil. CNPP was initially

parameterized for soybean [Glycine max (L.) Merr.] and maize (Zea mays L.) using

micrometeorological data, and for wheat (Triticum aestivum L.), bean (Phaseolus
vulgaris L.), and perennial forage [Urochloa (syn. Brachiaria) brizantha (Hochst

ex A. Rich.) Stapf cv. Marandu] using agrometeorological experimental data and/or

data from the literature. Subsequently, calibrations for reference cultivars were per-

formed, grouping cultivars by crop phenological characteristics and edaphoclimatic

regions using farm-level data. CNPP accurately simulated leaf area index, evapotran-

spiration, and biomass dry matter production and allocation for soybean and maize

when evaluated at the sites with micrometeorological data (R2 > 0.76, Nash–Sutcliffe

efficiency > 0.56, and relative root mean square error < 38% for all variables).

Simulations for wheat, bean, and perennial forage exhibited lower performance

owing to lower availability of yield data. Nonetheless, the resulting statistics support

this module’s efficacy in predicting crop productivity in major Brazilian agricul-

tural areas. By employing a reduced and efficient parameter set, the CNPP module

achieves enhanced performance and enables robust calibration across diverse crops,

genotypes, and management schemes in multiple regions.

Abbreviations: AGB, aboveground biomass; AZD, active zone depth; BGB, belowground biomass; CNPP, carbon net primary productivity; MSD,
maximum soil depth; DR, deep drainage; ET, evapotranspiration; HI, harvest index; LAI, leaf area index; MB, mean bias; PROCS, ProCarbon-Soil; RMSE,
root mean square error; RRMSE, relative root mean square error; RUE, radiation use efficiency; RZD, root zone depth; RZDM, maximum root zone depth;
SWAZ, soil water active zone; SWPZ, soil water passive zone; WPR, wheat producing region; WT, water transfer.
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Plain Language Summary
The study presents the carbon net primary productivity (CNPP) module, a simpli-

fied, functional, and easily calibratable model for estimating crop biomass and carbon

inputs to the soil. Based on the SIMPLE model, CNPP can be readily coupled with

soil carbon models like ProCarbon-Soil, making it a valuable tool for estimating car-

bon sequestration in agricultural settings. The CNPP’s design prioritizes a reduced

parameter set to facilitate calibration across diverse crops and environments. The

study aimed to describe the CNPP module, parameterize it for various crops, and

evaluate its performance in Brazilian plantations. The study successfully demon-

strated that the CNPP can provide reliable estimates of crop productivity in major

Brazilian agricultural regions. While its performance is highly dependent on the qual-

ity of input data, the module’s suitability for regional-scale analysis, even with limited

on-farm data, the model has significant performance.

1 INTRODUCTION

Increasing computational processing capacity and availability
of experimental datasets worldwide (https://agmip.org/) have
facilitated the development and use of increasingly complex
models (e.g., DSSAT and APSIM). The simultaneous emer-
gence of simpler, less glamorous models (e.g., SIMPLE and
SSM-iCrop2) with reduced process and parameter sets is an
important parallel development, as their easier parametriza-
tion and implementation suits them for cases where data are
scarce or incomplete (Dadrasi et al., 2020; Soltani et al., 2020;
Zhao et al., 2019).

Most biophysical crop models are designed to estimate
biomass and yield, but even within that common mission
their scope varies considerably. For example, DSSAT aimed
to integrate knowledge about soil, climate, crops, and manage-
ment to support better decisions about transferring production
technology from one location to another (Jones et al., 2003).
In contrast, APSIM was designed for accurate predictions
of crop production in relation to climate, genotype, soil,
and management factors, in order to optimize resources and
address management issues in farming systems (Keating
et al., 2003). Meanwhile, simpler models such as SIMPLE
(Zhao et al., 2019) are more flexible in how they are imple-
mented and calibrated, as they are used for less-studied, less
commodified crops.

The CNPP module extends the foundational equations of
the SIMPLE model (Zhao et al., 2019), building on its exist-
ing components to calculate carbon net primary productivity
(CNPP). Its primary purpose is to serve as a driving com-
ponent within the broader Conecta Pro Carbono simulation
platform, where it is coupled to the ProCarbon-Soil (PROCS)
model for simulating soil carbon stocks (Barioni et al., 2025).
This framework was designed for commercial applications,
specifically for estimating soil carbon stock within agricul-

tural environments across various crop types, rotations, and
management practices. This capability is particularly relevant
given recent climate policy demands, which have height-
ened the necessity of using crop models to quantify carbon
emissions and storage in managed croplands.

Similar to SIMPLE, the CNPP philosophy emphasizes a
reduced set of equations and parameters, facilitating calibra-
tion across diverse crops, genotypes, environments, and man-
agement practices. However, integration within the PROCS
framework necessitated some modifications. The most crit-
ical requirements were adjusting the allocation of carbon to
belowground components, and implementing biomass depo-
sition throughout the crop cycle as well as at harvest. Some
modifications to the soil water module were also made.

The main objectives of this study are to present the CNPP
module, designed specifically for integration into the PROCS
environmental carbon simulation framework, and to calibrate
and evaluate the CNPP module across Brazil’s major agricul-
tural regions for major grain crops. To achieve this, we address
the following aims: (1) describe the CNPP module processes
and parameters; (2) parameterize and evaluate the module
for different crop types, including perennial forage; and (3)
evaluate the module for simulating these crops in Brazilian
farms.

2 METHODS

2.1 Module description

The CNPP is a crop module that simulates crop growth,
biomass production, and harvested and residual biomass
in a daily time step. It follows the SIMPLE model (Zhao
et al., 2019) equations, particularly in its foundational equa-
tions for biomass production, and the influences of solar
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radiation, temperature, and water on plant development. The
CNPP’s phenological framework, including harvest timing,
aligns with SIMPLE by triggering events based on accu-
mulated thermal time (TT reaching a crop-specific target).
This approach was also employed by Crop Environmental
Resources Synthesis (CERES)-wheat (Ritchie et al., 1985)
for annual crops, but a different approach is needed for
perennial crops. CNPP modifies SIMPLE’s soil water bal-
ance calculation and water stress functions (Section 2.1.1)
so it can consider the effect of root growth on plant water
availability. Modifications were also made to biomass pro-
duction and deposition of crop residues (Section 2.1.2). A
schematic and representation of the CNPP, as well as this
interaction with PROCS, is given in the Figure S1, as well as
the parameters and input descriptions in Table S1. The subse-
quent sections will describe CNPP’s major differences from
SIMPLE.

2.1.1 Soil water balance

To enhance hydrological realism, the CNPP module imple-
ments a two-compartment tipping bucket approach (Longo
et al., 2021), replacing the simpler single-layer storage schema
utilized by SIMPLE. The depth of the first layer is defined
by the root zone depth (RZD) (Equations 1 and 2), and this
layer holds the available water for plant uptake (near-surface
soil water active zone [SWAZ]; Equation 4). Transfer between
layers is given by Equation (3). The second layer (deeper soil
water passive zone [SWPZ]; Equation 5) acts as a reservoir,
allowing water to be held in a layer that can be progressively
accessed by the plants as their roots grow. This is differ-
ent from SIMPLE, which uses a fixed RZD as its maximum
depth: in CNPP, RZD is simulated dynamically, reducing the
potential available in the initial development of the plants and
eventually reducing the RZD in conditions of high stress. This
structural refinement permits the coupling of crop growth to
root development and soil water balance, as considered in
many crop growth models.

The RZD (mm day−1) for a given date is calculated using
Equation (1). The active zone depth (AZD; mm) is closely
related to RZD, as described in Equation (2).

RZD𝑡 =
{

RZDGR, 𝑡 = 0
𝑚𝑖𝑛

((
RZD𝑡−1 + min

((
0.1 + 𝑓 (Solar)𝑡−1

)
, 1
)
× RZDGR

)
,RZDM

)
, 𝑡 > 0 (1)

AZD𝑡 =
⎧⎪⎨⎪⎩

AZDi, 𝑡 = 1
RZD𝑡,AZD𝑡−1 ≤ RZD𝑡

AZD𝑡−1,AZD𝑡−1 > RZD𝑡

(2)

Core Ideas
∙ Carbon net primary productivity (CNPP) is a sim-

ple calibratable module for estimating crop growth
and biomass.

∙ The module can be coupled with ProCarbon-Soil
(PROCS) to estimate carbon sequestration.

∙ CNPP can be valuable for estimating crop growth
in Brazilian agriculture.

where RZDGR is the root zone daily growth rate (mm), RZDt

− 1 is the root zone depth on day t − 1, RZDM is the maximum
RZD (mm), f(Solar)t − 1 is fraction of solar radiation inter-
cepted on day t − 1 (dimensionless), and AZDt is the active
zone depth (mm) on day t, with initial value AZDi.

Soil water is computed daily for two different soil layers:
(1) the near-surface SWAZ and (2) the deeper SWPZ. The
upper layer “gains” water as the root depth increases; this
water transfer (WT) is handled as follows:

WT𝑡 =
AZDt − AZD𝑡−1
MSD − AZD𝑡−1

× SWPZ𝑡−1 (3)

SWAZ𝑡 =
{
AZD𝑡 × AWC × 0.7 + ERAIN − ET𝑡, 𝑡 = 0
ERAIN + SWAZ𝑡−1 +WT𝑡 − ET𝑡, 𝑡 > 0

(4)

SWPZ𝑡 =
{
(MSD − AZD𝑡) × AWC × 0.7 − DR𝑡, 𝑡 = 0
ERAIN + SWAZ𝑡−1 −WT𝑡 − DR𝑡, 𝑡 > 0

(5)
where MSD is the maximum soil depth (mm), AWC is the
fraction of soil water that is plant available (dimensionless),
ERAIN is effective rainfall (precipitation that infiltrates into
the soil on day t, mm), ETt is the evapotranspiration (mm)
on day t, DRt is deep drainage (mm) on day t, and MSD is
300 mm deeper than RZDM, providing a soil buffer zone
below the maximum RZD.

When SWAZ exceeds the water-holding capacity of the
AZD (i.e., SWAZt > AWC × AZD) the excess water is
transferred to SWPZ. Likewise, when SWPZ exceeds its

water-holding capacity, the excess water is lost as DR. Water
dynamics in the soil layers are proportional to the relative soil
water gradient (∆W, Equation 6) (mm), which regulates the
WT between the SWPZ and SWAZ (Equations 7, 8, and 9):
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Δ𝑊 =
SWPZ𝑡(

MSD − AZD𝑡

)
× AWC

−
SWAZt

AZD𝑡 × AWC
(6)

UF𝑡 =

⎧⎪⎪⎨⎪⎪⎩
Δ𝑊 × SWPZ𝑡 × TW ×

min
((
MSD − AZD𝑡

)
,AZD𝑡

)
max

((
MSD − AZD𝑡

)
,AZD𝑡

) ,Δ𝑊 ≥ 0

Δ𝑊 × SWAZ𝑡 × TW ×
min

((
MSD − AZD𝑡

)
,AZD𝑡

)
max

((
MSD − AZD𝑡

)
,AZD𝑡

) ,Δ𝑊 < 0
(7)

SWAZ𝑡 = SWAZ𝑡 + UF𝑡 (8)

SWPZ𝑡 = SWPZ𝑡 − UF𝑡 (9)

where TW is a factor of time (in days) to reach an equilib-
rium between the two layers, and UFt is the unsaturated flux
between the two layers (mm).

When the water supply to the plant is low, then evapotran-
spiration (ET) is reduced. We define a crop-specific fraction
of plant-available water, dryStartET, below which the crop is
drought-stressed. From this fraction, we define a soil water
stress factor DrystressET (Equation 10), which is then used to
calculate the crop’s reduced ET (Equation 11).

DrystressET = max
(
min

(
SWAZ𝑡 × dryStartET

AWC × AZD𝑡

, 1
)
, 0
)

(10)

ET𝑡 = min
(
Drystress𝐸𝑇 × K𝐶 × ETo𝑡,SWAZ𝑡

)
(11)

whereETo𝑡 is the reference ET on day t (mm day−1), andKc is
the ET coefficient of the current crop (dimensionless), which
changes with growth stage.

Finally, excess water on the surface is calculated using the
curve number method (USDA, 1986), in which a coefficient
is generated to calculate the surface runoff water, that is,
water that arrives at the soil surface through precipitation or
irrigation but does not infiltrate.

2.1.2 Crop growth

Like SIMPLE, the CNPP’s plant growth is regulated by
light, temperature, and water stress. However, the stress func-
tions that represent reductions in biomass production due to
temperature and soil available water are slightly different.

To the aboveground biomass (AGB) and yield components
calculated by SIMPLE, we add computation of below-

ground biomass (BGB; to provide carbon input to PROCS)
and a biomass decay factor for each plant compartment
(aboveground and belowground) as follows:

AGB𝑡 = AGB𝑡−1 + (RUE × 𝑓 (Solar) × SRAD × 𝑓 (Temp)

×𝑓
(
CO2

)
× 𝑓 (Water) × 10

)
(12)

BHARV𝑡 =
(
AGB𝑡 −

(
AGB𝑡−1 × 𝑓 (Decay)𝑐

))
× HI (13)

BLIT𝑡 =
(
AGB𝑡 −

(
AGB𝑡−1 × 𝑓 (Decay)𝑐

))
× (1 − HI)

(14)

BGB𝑡 =
(
AGB𝑡 −

(
AGB𝑡−1 × 𝑓 (Decay)𝑐

))
× RTS (15)

where RUE is the radiation use efficiency (g DM MJ−1),
f(Solar) is the fraction of solar radiation interception (dimen-
sionless), SRAD is the daily solar radiation (MJ m−2 day−1),
f(Temp) is a function (Equation 16) describing how RUE
responds to daily air temperature (g MJ−1), f(CO2) is a func-
tion representing atmospheric CO2 concentration, f(Water)
is a function (Equation 17) of RUE response to soil avail-
able water status, HI is the harvest index (dimensionless
ratio of harvested mass to preharvest AGB), AGBt is the
total aboveground biomass (kg DM ha−1), BHARVt is the
aboveground harvested biomass (kg DM ha−1), BLITt is the
aboveground non-harvested biomass (added to litter after har-
vest events, kg DM ha−1), BGBt is the belowground biomass
(kg DM ha−1), RTS is the fixed root to shoot factor that cal-
culates root biomass in relation to AGB (dimensionless), and
f(Decay)c is a mortality factor for each plant compartment
(subscript “c”).

The f(Temp) considered in CNPP is a single trapezoidal
function, whereas two separate temperature equations are
used in SIMPLE. The f(Temp) function (Equation 16) is a
trapezoidal function that adjusts RUE given the daily mean
air temperature Tmean and four reference temperatures (˚C):
Tbase is the basal temperature below which daily biomass pro-
duction is zero, Topt1 and Topt2 are, respectively, the lower
and upper ends of the optimal temperature range within
which daily biomass production is maximized, and Text is
the extreme (high) temperature above which daily biomass
production is zero.
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T A B L E 1 Summary of the datasets used for the parameterization, calibration, and evaluation of the carbon net primary productivity (CNPP)
module.

Dataset Crop Coordinates Köppen climate classification Level of information
1 Soybean 41.1647 N, 96.47 W (US-Ne2) and 41.1794 N,

96.4394 W (US-Ne3)
Dfa LAI, ET, biomass

Maize

2 Wheat 27.9061–30.3408 S, 51.0214–54.8881 W Cfa, Cfb Yield

3 Common bean 9.4672–28.5092 S, 35.8286–55.80 W As, Aw, Cwa, Cfa, Cwb, Cfb Yield

4 Perennial forage 22.70 S, 47.50 W Cwa Biomass

5 Soybean 3.0636–33.1964 S, 44.1225–62.9614W Af, Am, Aw, Cfa, Cfb, Cwa, Cwb Yield

6 Maize 1.7775–33.1978 S, 36.8019–60.8611 W Af, Am, As, Aw, Cwa, Cwb, Cfa,
Cfb

Yield

7 Wheat 12.1439–30.3392 S, 43.7703–55.7950 W Cwa, Cfa, Cwb, Cfb, Aw Yield

8 Common bean 7.50–29.20 S, 43.7597–57.4131 W Am, Aw, Cwa, Cfa, Cwb, Cfa Yield

Abbreviations: ET, evapotranspiration; LAI, leaf area index.

𝑓 (Temp) =

⎧⎪⎪⎨⎪⎪⎩
max

(
𝑇mean−𝑇base
𝑇opt1−𝑇base

, 0
)
, 𝑇mean < 𝑇opt1

1, 𝑇opt1 < 𝑇mean < 𝑇opt2

max
(
1 − 𝑇mean−𝑇opt2

𝑇ext−𝑇opt2
, 0
)
, 𝑇mean > 𝑇opt2

(16)
The f(Water) is a dry stress factor determining the soil water

status in relation to that fraction of plant-available water at
which stress starts to reduce plant growth (Equation 17).

𝑓 (Water) = min

(
SWAZ × dryStartGR(
DMX − AZD𝑡

)
× AWC

, 1

)
(17)

where dryStartGR is the fraction of plant-available water
below which drought stress reduces plant growth (dimension-
less).

2.2 Field dataset descriptions

CNPP calibration and evaluation were performed for four
annual crops and one perennial forage species: soybean
[Glycine max (L.) Merr.], maize (Zea mays L.), wheat
(Triticum aestivum L.), common bean (Phaseolus vulgaris
L.), and perennial forage [Urochloa (syn. Brachiaria) brizan-
tha (Hochst ex A. Rich.) Stapf cv. Marandu]. Data for
modeling and model evaluation for soybean and maize were
based on data collected in a well-monitored micrometeoro-
logical experiment (dataset 1). Wheat, bean, and “Marandu”
palisade grass input data were collected in agrometeorological
experiments, respectively datasets 2, 3, and 4 (Table 1). Addi-
tional datasets from a breeding program, representing on-farm
conditions (datasets 5, 6, 7, and 8, respectively, for soybean,
maize, wheat, and bean), were distributed across the most
important Brazilian agricultural areas (Figure 1). For these

datasets, only grain yield data were available; no information
was given for other biomass components such as aboveground
residue.

Dataset 1 is part of a long-term field experiment conducted
at the Agricultural Research and Development Center of the
University of Nebraska-Lincoln near Mead, NE, USA, which
has long-term hourly measurements of surface fluxes obtained
via eddy covariance, soil moisture monitoring, crop phenol-
ogy, and biomass time series observations. Two sites were
used: (1) US-Ne2 (41.1647 N, 96.47 W, elevation 362 m,
mean average temperature 10.08˚C, and mean annual precip-
itation 788.89 mm) and (2) US-Ne3 (41.1794 N, 96.4394 W,
elevation 363 m, mean average temperature 10.11˚C, and
mean annual precipitation 783.68 mm). The US-Ne2 site is
irrigated with a center pivot system, while US-Ne3 relies on
rainfall (Suyker, 2024a, 2024b). The climate is designated Dfa
(humid continental: humid with severe winter, no dry sea-
son, hot summer) in the Köppen climate classification system.
The soils are deep silty clay loams (Mollic Hapludalfs, Pachic
Argialbolls, and Vertic Argialbolls). Data from both sites (US-
Ne2 and US-Ne3) are based on a maize–soybean crop rotation
system under no-till since 2001 (details at https://ameriflux.
lbl.gov/). For the present study, data from 2001 to 2014 were
used, varying the crop and the irrigation scheme.

Dataset 2 is from wheat breeding trials and includes infor-
mation on grain yield, cultivar cycle, planting and harvesting
dates, and experimental location. This dataset includes nonir-
rigated experiments conducted during the off-season (winter
season) between 2009 and 2022 at eight sites (Figure 1): five
in Brazil’s wheat producing region I (WPR I) (Cunha et al.,
2006), and three in WPR II. A total of 132 cultivars, ranging
from early to medium growth cycles, were evaluated in these
experiments. Thus, dataset 2 comprises a total of 4745 exper-
iments: the calibration subset (totaling 2948 experiments)
includes data from three sites in WPR I and two in WPR II,
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6 of 20 COLMANETTI ET AL.

F I G U R E 1 Agrometeorological sites and on-farm plots used for parametrizing and evaluating the carbon net primary productivity (CNPP) in
Brazil. Köppen climate classification map is based on Alvares et al. (2013). Datasets 1 and 4 consist of individual data points situated in the Northern
and Southern Hemispheres, respectively, and are consequently omitted from the map visualization.

while the evaluation subset (1797 experiments) contains data
from two sites in WPR I and one in WPR II.

Dataset 3 contains data on common bean obtained from
the literature in Table S2 from irrigated and nonirrigated
experiments conducted at various times between 2000 and
2018. This dataset contains information on grain yield, cul-
tivar cycle, planting and harvesting dates, and experimental
location. Dataset 3 includes a total of 71 cultivars from 23 sites
(Brazilian municipalities; Figure 1), covering growth habits I,
II, and III. This dataset comprised a total of 161 experiments
and was used only for module calibration.

Dataset 4 comprised data on the perennial forage collected
from an experimental area at the University of São Paulo,
Luiz de Queiroz College of Agriculture in Piracicaba, São
Paulo, Brazil (22˚84′20″ S, 47˚83′00″ W). The experiment
was conducted between April 2011 and April 2013 under four
treatments, the product of (1) irrigated versus nonirrigated
and (b) mechanized biomass harvesting every ∼28 days versus

every ∼42 days. Further details on the experiment, data col-
lection, and irrigation management can be found in Pequeno
et al. (2014) and Pequeno et al. (2018). The main collected
variables included herbage dry mass production (biomass har-
vested above a 10-cm stubble height), live perennial forage
dry mass remaining (stubble dry mass), leaf area index (LAI),
canopy light interception (LI), and harvest date. Weather data
were obtained from a weather station located 1.8 km from the
experimental area.

For soybean (dataset 5; breeding trial data), a split-block
design was used, having 50,900 crop records (unique combi-
nation of genotype, cultivation year, and site location) across
509 sites (municipalities), nested within 32 micro-regions.
Data were collected from 2017 to 2024 across two grow-
ing seasons: rainy season, the most productive period; and
off-season, a dry and less productive period. The dataset
has 572 coded genotypes binned into five relative maturity
(RM) groups, designated RM5 through RM9. All fields have
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COLMANETTI ET AL. 7 of 20

information on yield, and planting and harvest dates, with a
subset of 14,373 records also having information on date of
physiological maturity. This subset was used in the calibration
procedure to precisely estimate soybean lifespan and harvest
date. Further information is available in Section 2.3.

Dataset 6 is structured similarly to dataset 5: its 24,139
maize records (unique combinations of genotype, cultiva-
tion year, and site location), located in 433 sites, are binned
into five mega environments (or breeding regions): “Sub-
tropical Late,” “Subtropical Summer,” “Subtropical Winter,”
“Tropical Highlands,” and “Tropical Lowlands.” Data were
collected from 2017 to 2024 across rainy season and off-
season. A subset of 4443 records also has information on
silking date (the developmental stage when silks are first
visible), which was used to estimate physiological matu-
rity and harvest date. Further information is available in
Section 2.3.

Datasets 7 (260 wheat sites) and 8 (153 common bean sites)
were collected from a breeding program conducted on rain-
fed farm fields during main- and offseasons between 2020
and 2023. The wheat sites were distributed across WPR I,
II, III, and IV, and include cultivars ranging from early to
medium growth cycles. Common bean sites were in the main
Brazilian bean producing regions (Figure 1); however, infor-
mation on cultivars and growth habits was not available.
Datasets 7 and 8, respectively, comprise 3409 and 1071 crop
records.

2.3 Parametrization and evaluation
procedures

For soybean and maize, dataset 1 has the most detailed
measurements (“full parametrization”), even including a flux
tower, so it was used to parametrize the biophysical and phys-
iological components of the module. Module parametrization
was performed using a hierarchical structure of simulations
wherein a combination of parameters was tested varying in
predefined intervals obtained from Zhao et al. (2019). A hier-
archical sequence was followed, proceeding from calibration
of biophysical processes (radiation interception and absorp-
tion), through physiological (ET and net primary production)
and phenological (TT calibration) parameters, ending with
carbon allocation to plant components. The parameter set was
calibrated using data exclusively from the irrigated exper-
iments, where water stress was minimized or controlled.
Parameters were then subjected to independent evaluation and
validation using data from the rainfed experiments, which
introduced variable water stress conditions.

The initial full parametrization aimed to refine the core
biophysical, physiological, and phenological processes within
the CNPP module. Building upon this established gen-
eral parameter set, specific calibrations were subsequently

performed at the cultivar level, for groups aggregated by
maize and soybean production regions. Notably, the spe-
cific calibration for soybean relied exclusively on dataset 5,
where specific parametrizations were performed using com-
binations of RM and micro-regions. Parameters regulating
(1) plant lifespan (cumulative temperature requirement from
planting to maturity), (2) cumulative temperature require-
ment that regulates the plant’s light interception to reach 50%
of maximum radiation interception during the early growth
phase, (3) cumulative temperature requirement that regulates
the plant’s light interception to reach 50% of maximum radi-
ation interception during leaf senescence, (4) maximum LI,
(5) root to shoot, and (6) HI were all changed during this
specific calibration (Table 2). The adjusted parameters for
these parametrization are available in Table S3. This dataset
was partitioned into mutually exclusive calibration and eval-
uation subsets. The calibration set was used to develop and
refine the approach, while the evaluation set was used for
independent evaluation of its performance, avoiding data
cross-contamination that would compromise validation. Tem-
poral variability was explicitly incorporated into the datasets
by including site observations spanning the period from 2017
to 2024. This longitudinal data inclusion should minimize
potential biases associated with overly homogeneous climatic
conditions.

Similar calibration/evaluation procedures were performed
for maize using dataset 6, where a specific parametrization
was performed for each MG group in the mega-environments.
The full parametrization was used as reference for those
parameters that regulate plant lifespan; parameters that were
recalibrated regulated maximum LI, water stress, and HI.

For wheat, common bean, and perennial forage, an ini-
tial parametrization was conducted based on the literature
(Table S2). Subsequently, module calibration and evaluation
were performed starting from the initial parametrization and
working from the intermediate-quality datasets 2, 3, and 4.

Module calibration for wheat was carried out separately for
each combination of cycle classification (early and medium
growth cycles) and WPR (I and II), using the dataset 2. Model
performance was then evaluated using dataset 7. For WPRs
III and IV, which were not represented in dataset 2, a sep-
arate calibration was conducted using the calibration subset
of dataset 7. This recalibration step adjusted parameters gov-
erning plant lifespan, water stress, maximum LI, and HI.
Finally, the model for these regions was validated using the
corresponding evaluation set from dataset 7.

For common bean, the full dataset 3 was used exclu-
sively for calibration. This calibration was conducted for each
growth habit (I, II, and III), and involved regulating the same
parameters used in the soybean and wheat. Subsequently, a
recalibration was performed, where dataset 8 (breeding pro-
gram) was split into calibration (548 crop records and 76
sites) and evaluation (523 crop records and 77 sites) subsets.
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8 of 20 COLMANETTI ET AL.

T A B L E 2 Summary of the crops and datasets used for the calibration and evaluation of the carbon net primary production (CNPP) module.

Parameter

Crops/datasets
Wheat Bean Perennial forage Soybean Maize
Datasets 2 and 7 Datasets 3 and 8 Dataset 4 Dataset 5 Dataset 6

RZDM (mm) + + – – –

Tbase (˚C) + – – – –

Topt1 (˚C) + + + – –

Topt2 (˚C) + + + – –

ExtremeT (˚C) + + + – –

RUE (g MJ−1) + + + – –

Tsum (˚C period−1) + + + + +
TbaseD (˚C cicle−1) + + + – –

I50A (˚C period−1) + + – + +
I50B (˚C period−1) + + – + +
I50maxW (˚C day) + + – – –

MaxIntercept + + + + +
DryStartET + + + – –

DryStartGR + + + – –

Kcmin + + + – –

Kcmax + + + – –

RTS + + – – +
HI + + – + +

Note: “+” changes applied identically to both calibration and evaluation datasets.
Abbreviations: HI, harvest index; RTS, root to shoot factor; RUE, radiation use efficiency; RZDM, maximum root zone depth.

Similarly to wheat, the recalibrated parameters regulated plant
lifespan, water stress, maximum LI, and HI.

Finally, for perennial forage, local module calibration was
conducted using the dataset 4. Calibration was performed
using the irrigated dataset, and rainfed experiments were
used for evaluation. This calibration involved adjusting the
parameters related to (1) plant lifespan (cumulative temper-
ature requirement from planting to maturity), (2) cumulative
temperature requirement that regulates the plant’s light inter-
ception to reach 50%, (3) maximum LI, (4) water stress, and
(5) optimal temperature for biomass production. To adapt the
module to a perennial crop—starting a new cycle after each
biomass harvest, rather than starting from planting as with
grain crops—a virtual planting date was set; this date was esti-
mated to make the modeled f(Solar) be as close as possible to
the f(Solar) estimated from the biomass observed immediately
postharvest.

2.4 Module evaluation

We use the linear modeling capability of R (function “lm”;
R Core Team, 2024) to evaluate the module’s performance
in predicting crop yields. For each calibration or validation

instance, we calculated the coefficient of determination (R2;
Equation 18), root mean square error (RMSE; Equation 21),
relative root mean square error (RRMSE; Equation 19), mean
bias (MB; Equation 20), and Nash–Sutcliffe Efficiency (NSE;
Equation 21):

𝑅2 = 1 −
∑𝑛

𝑖=1 (𝑎𝑖 − 𝑎̂𝑖)2∑𝑛

𝑖=1 (𝑎𝑖 − 𝑎̄𝑖)2
(18)

RMSE =

√∑𝑛

𝑖=1
(
𝑎̂𝑖 − 𝑎𝑖

)2
𝑛

(19)

RRMSE =

√∑𝑛
𝑖=1 (𝑎̂𝑖−𝑎𝑖)2

𝑛∑𝑛
𝑖=1 𝑎̂𝑖
𝑛

× 100 (20)

MB =
𝑛∑
𝑖=1

(
𝑎̂𝑖 − 𝑎𝑖

)
𝑛

(21)

NSE = 1 −
∑𝑛

𝑖=1 (𝑎𝑖 − 𝑎̂𝑖)2∑𝑛

𝑖=1 (𝑎𝑖 − 𝑎̄𝑖)2
(22)
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COLMANETTI ET AL. 9 of 20

T A B L E 3 Statistics (mean, with standard deviation in parentheses) of carbon net primary productivity (CNPP) simulations for leaf area index
(LAI; m2 m−2), evapotranspiration (ET; mm day−1), and aboveground biomass (kg ha−1) for maize and soybean in dataset 1. “n” is the number of
harvest years.

Crop Site Variable RMSE RRMSE (%) MB NSE R2 n Figure
Soybean Calibration LAI (m2 m−2) 0.1 (0.03) 5.4 (0.5) 0.01 (0.01) 0.88 (0.1) 0.9 (0.1) 5 2

ET (mm day−1) 0.8 (0.1) 32.9 (3.8) 0.2 (0.1) 0.75 (0.1) 0.8 (0.03) 5 3

Biomass (kg ha−1) 141.6 (69.3) 3.6 (1.6) 12.7 (14.5) 0.95 (0) 0.97 (0.02) 5 4

Evaluation LAI (m2 m−2) 0.2 (0.1) 7.7 (2.9) 0.02 (0.01) 0.56 (0.4) 0.9 (0.05) 7 2

ET (mm day−1) 0.9 (0.2) 37.5 (10.8) 0.2 (0.1) 0.67 (0.2) 0.76 (0.1) 7 3

Biomass (kg ha−1) 190.7 (74.4) 6 (2.2) 13 (26.4) 0.85 (0.1) 0.95 (0.04) 7 4

Maize Calibration LAI (m2 m−2) 0.1 (0.05) 4.3 (1.1) 0.0002 (0.02) 0.89 (0.1) 0.94 (0.05) 9 5

ET (mm day−1) 0.8 (0.1) 32.3 (5.1) 0.1 (0.2) 0.79 (0.1) 0.81 (0.04) 9 6

Biomass (kg ha−1) 297.3 (112.6) 3 (1.3) 30.6 (40.2) 0.97 (0.02) 0.99 (0.01) 9 7

Evaluation LAI (m2 m−2) 0.1 (0.05) 4.6 (1.5) 0.01 (0.01) 0.85 (0.1) 0.92 (0.05) 6 5

ET (mm day−1) 0.8 (0.1) 38 (4.5) 0.1 (0.1) 0.72 (0.1) 0.78 (0.05) 6 6

Biomass (kg ha−1) 333 (84.5) 4.1 (1.2) 23.1 (35.9) 0.93 (0.02) 0.98 (0.01) 6 7

Abbreviations: MB, mean bias; NSE, Nash–Sutcliffe efficiency; R2: coefficient of determination; RMSE, root mean square error; RRMSE, relative root mean square error.

where 𝑎𝑖 denotes the observed values, 𝑎̂𝑖 the predicted values,
𝑎̄ the average of the observed values, and n the number of
observations.

3 RESULTS

3.1 Full CNPP parametrization (soybean
and maize)

High performance, characterized by high R2 values and low
RMSE, RRMSE, and MB values (Table 3), was achieved in
the simulations of LAI, ET, and AGB for soybean (Figures 2,
3, and 4) and corn (Figures 5, 6, and 7) in dataset 1. Con-
sistency between the calibration dataset (US-Ne2) and the
evaluation dataset (US-Ne3) was evident for both crops,
suggesting that the parameters derived from the calibration
conducted on the irrigated site (US-Ne2 used for calibration)
effectively predicted biomass on the rainfed site (US-Ne3
used for evaluation) (Figures 4 and 7). We emphasize that all
analyses of LAI, ET, and biomass presented in Table 3 were
based on the whole lifespan.

3.2 CNPP parametrization for low-data
crops (wheat, bean, and perennial forage)

The strong performance of the CNPP module seen in Sec-
tion 3.1, when the module was parametrized using dataset
1 (complete local values including flux tower data), is
here contrasted with lower performance when parametriza-
tion is based on datasets with limited information content.
Specifically, parametrization for wheat, common bean, and

perennial forage was partially based on literature-derived
parameter values. Moreover, the wheat (dataset 2) and
common bean (dataset 3) module calibrations lacked long-
term measurements and were limited to yield observations
only.

A further source of uncertainty arose because these field
experiments were breeding trials that seldom included con-
current local climate and soil data collection. Consequently,
the relationship between simulated and observed wheat and
bean yields (Figure 8) exhibits greater variability, as cru-
cial variables such as LAI and ET could not be rigorously
evaluated.

A lower predictive performance was noted for wheat
(Table 4). Furthermore, the module exhibited low predictive
accuracy for observed biomass yield of the perennial for-
age (Figure 8), across both irrigated (calibration) and rainfed
(evaluation) conditions.

3.3 Evaluating regional-scale yield
simulations for Brazil

The modal cultivar calibrations—which utilized a single
parameter set representing all cultivars within a given crop
(soybean, maize, wheat, and common bean)—were con-
ducted using a regionalized approach, that is, combining all
locations within a region. Consequently, the primary evalu-
ation of module performance was conducted at this regional
scale. Detailed analysis of the module’s performance at the
local scale (comparing simulations against observed yield at
individual sites) for all crops is available in Table S4 and
Figure S2. The regionalized results (Table 5) therefore rep-
resent mean yields derived from aggregating measurements
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10 of 20 COLMANETTI ET AL.

F I G U R E 2 Simulated and observed soybean leaf area index (LAI) at the dataset 1 sites used for calibration (left) and evaluation (right).
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COLMANETTI ET AL. 11 of 20

F I G U R E 3 Simulated and observed soybean evapotranspiration (ET) at the dataset 1 sites used for calibration (left) and evaluation (right). Red
line is the 1:1 line.
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12 of 20 COLMANETTI ET AL.

F I G U R E 4 Simulated and observed soybean aboveground biomass at the dataset 1 sites used for calibration (left) and evaluation (right).
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COLMANETTI ET AL. 13 of 20

F I G U R E 5 Simulated and observed maize leaf area index (LAI) at the dataset 1 sites used for calibration (left) and evaluation (right).
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14 of 20 COLMANETTI ET AL.

F I G U R E 6 Simulated and observed maize evapotranspiration (ET) at the dataset 1 sites used for calibration (left) and evaluation (right). Red
line is the 1:1 line.
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COLMANETTI ET AL. 15 of 20

F I G U R E 7 Simulated and observed maize aboveground biomass at the dataset 1 sites used for calibration (left) and evaluation (right).
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16 of 20 COLMANETTI ET AL.

F I G U R E 8 Simulated and observed grain yield of wheat and common bean, and simulated and observed biomass yield for perennial forage.
Red line is the 1:1 line.

T A B L E 4 Statistics of carbon net primary productivity (CNPP) simulations of yield (kg ha−1) for wheat and common bean, and biomass yield
for perennial forage in experimental sites (datasets 2, 3 and 4, respectively).

Crop Subset RMSE RRMSE (%) MB NSE R2

Wheat Calibration 1453.4 30.5 −382.1 0.14 0.2

Evaluation 1474.3 31.8 −399.7 0.10 0.17

Forage Calibration 1514.2 29.6 −19.6 0.24 0.25

Evaluation 1135.3 24 145 0.39 0.42

Bean Calibration 1029.4 48.5 −318.7 −0.81 0.01

Abbreviations: MB, mean bias; NSE, Nash–Sutcliffe efficiency; R2: coefficient of determination; RMSE, root mean square error; RRMSE, relative root mean square error.

T A B L E 5 Statistics of carbon net primary productivity (CNPP) regionalized yield simulations (Mg ha−1) for maize, soybean, wheat, and
common bean from datasets 5, 6, 7 and 8, respectively.

Crop Subset RMSE RRMSE MB NSE R2

Soybean Calibration 0.59 18.37 0.07 0.23 0.24

Evaluation 0.64 19.76 0.09 0.02 0.09

Maize Calibration 0.78 11.31 0.03 0.72 0.72

Evaluation 0.94 13.7 0.04 0.64 0.65

Wheat Calibration 0.77 25.85 0.28 −0.12 0.29

Evaluation 0.87 30.59 −0.22 −0.82 0.19

Bean Calibration 0.47 22.49 0.1 −2.72 0.2

Evaluation 0.65 30.24 0.28 −12.0 0.06

Abbreviations: MB, mean bias; NSE, Nash–Sutcliffe efficiency; R2: coefficient of determination; RMSE, root mean square error; RRMSE, relative root mean square error.
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COLMANETTI ET AL. 17 of 20

F I G U R E 9 Simulated and observed regionalized yield (Mg ha−1) for maize, soybean, wheat, and common bean from datasets 5, 6, 7, and 8
respectively. Red line is the 1:1 line.

within subsets of genotype (GMR for soybean and MG for
maize and wheat) and regions (micro-regions for soybean and
mega-environments for maize), across crop seasons. Figure 9
illustrates these groupings, specifically showing mean yields
for soybean, maize, wheat, and common bean.

As observed, regional-scale simulations (Table 5; Figure 9)
demonstrated improved performance mostly for maize, with
intermediate performance for soybean and wheat, and a lower
performance for bean.

4 DISCUSSION

The CNPP module was initially calibrated for soybean and
maize using a high-quality dataset, with flux tower measure-
ments and in-season biomass data. The module shows consis-
tent accuracy for simulating ET, LAI, and AGB. Comparisons
with published studies revealed that CNPP’s performance was
either equivalent to or better than several models in the liter-
ature for soybean (Silva et al., 2025) and maize (Amiri et al.,
2022; Kimball et al., 2023) at the same or similar experimental
sites. Robust performance was observed for both calibration
(irrigated) and validation (rainfed) datasets, thereby confirm-
ing the effectiveness and robustness of the newly implemented
modifications, especially the water stress functions.

In contrast, to the CNPP’s high performance for cali-
brating and evaluating the full parametrization (dataset 1),
the calibration to Brazilian conditions (datasets 5 and 6)
resulted in a decreased performance. The calibration process

performed using on-farm data (datasets 5 and 6) largely had
only yield data, with phenological information available only
for a small subset. For these specific calibrations, phenology
served as the basis for genotype clustering, that is, geno-
types exhibiting similar phenologies within similar regions
were clustered together. The parameters tuned during this
process primarily targeted plant lifespan, maturity, and leaf
senescence, which are known to strongly influence biomass
development and allocation to various plant compartments.
We suggest that plant development as a function of phenol-
ogy is not uniform across all genotypes within a given cluster
(except for maize), even if their overall phenological timing
is similar. Consequently, the substantial variation in biomass
among these grouped genotypes constrains high predictive
accuracy. Furthermore, we recognize that the genotype-by-
environment (G × E) interaction exerts significant pressure
on final yield, and our simulations were conducted using cli-
mate and soil information at a regional rather than a local
scale.

Despite these challenges, CNPP exhibited performance
comparable to or exceeding those reported in the literature for
studies employing similar calibration procedures (e.g., Bat-
tisti et al., 2017; Duarte & Sentelhas, 2020). Moreover, the
analysis of on-farm data, which is characterized by an oper-
ational rather than a more rigorous experimental approach,
suggested the module’s suitability for predicting crop yield
especially for maize at a regional scale. For soybean, per-
formance was comparatively lower, but still acceptable when
compared to studies in the literature that simulates in large
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18 of 20 COLMANETTI ET AL.

scale (Singh et al., 2024). This regional predictive capacity is
of considerable importance for integration with soil organic
carbon (SOC) models, indicating CNPP’s potential to pro-
vide acceptable estimates of carbon input across the evaluated
regions.

While parametrizing a crop model often relies on flux
tower data, which provides high-resolution measurements of
ecosystem exchanges, an alternative parametrization strategy
must be employed when such data are unavailable. Unlike
the case for maize and soybean, the species parameters for
wheat, common bean, and perennial forage had to be cali-
brated without flux tower data. Instead, parameters governing
species-specific processes were adjusted based on established
literature values. Despite the loss of accuracy compared
to flux tower-assisted calibration, this approach offers sig-
nificant practical advantages by eliminating the need for
resource-intensive, long-term field studies, and has demon-
strated effectiveness in previous studies (Soltani et al., 2020;
Vergel et al., 2022; Zhao et al., 2019).

Wheat exhibits high phenotypic plasticity, growing in both
subtropical and tropical regions, and under both rainfed and
irrigated conditions. In Brazil, some wheat cultivation occurs
in tropical regions, including the Neotropical savanna in
the central part of the country, but production is concen-
trated in the southernmost regions, where the rainy season
is more accentuated. While this region is generally favor-
able to crop production, the incidence of rain coinciding
with physiological maturity can induce precocious sprouting,
resulting in yield reductions (Rigatti et al., 2019). This phe-
nomenon, which is not currently represented in the module,
adds uncertainty to the calibration processes.

For common bean, limited soil water data imposed a signif-
icant constraint on the simulations. Gaps in the information
required to calculate available water—such as sites providing
only soil texture or geographic coordinates—necessitated the
use of external databases to estimate soil properties and derive
water availability.

Meanwhile, for perennial forage the main calibration chal-
lenge concerned regrowth. The forage crop tends to restore
LAI quickly, thus maximizing its light interception. This
regenerative process is stimulated by the removal of apical
dominance (if present) and the immediate availability of inter-
nal resources, spurring new shoots and leaves to emerge and
elongate. But regrowth is an inherently difficult process to
model and would have been even more challenging if the har-
vest had been by animal grazing (Bosi et al., 2020). Although
this study did not include animal grazing, the module sim-
ulates each “virtual grazing event” as a harvest, analogous
to other crops, where compartments are reset immediately
post-event. The model did not perform as well as some other
models in the literature (Pequeno et al., 2014, 2018). The alter-
native would be a dedicated grazing process, which may be
added later at the cost of some complexity in the model.

The module’s inherent simplicity—characterized by sim-
plified physiological processes and a limited parameter set—
significantly facilitates calibration and allows for rapid recali-
bration across diverse scales, including regional, site-specific,
genotypic, and management-specific levels. However, this
parsimony introduces an inevitable trade-off between model
simplicity and the detailed representation of complex crop
growth dynamics. In effect, a comprehensive calibration is
used to mitigate the impact of oversimplification on predic-
tive accuracy. Our results show that relying solely on yield
data for calibration can compromise the calibration, result-
ing in suboptimal performance. We assert that experimental
sites providing more detailed information on biomass com-
partments (i.e., separate data for vegetative and reproductive
parts) offer substantially more support for robust calibration.
Unfortunately, these detailed biomass components were not
available for the wheat and common bean.

Overall, future efforts should focus on integrating mecha-
nisms and technologies to support the assimilation of regional
variability, transitioning the CNPP model from a static tool to
a more dynamic monitoring system across large agricultural
regions. This context necessitates the adoption of advanced
practices in crop modeling and calibration, such as (1) using
data assimilation based on remote sensing (Jin et al., 2018),
(2) employing hybrid approaches with artificial intelligence
(e.g., Chang et al., 2023; Shahhosseini et al., 2021), or (3)
using CNPP in an ensemble scheme (e.g., Battisti et al., 2017;
Duarte & Sentelhas, 2020). These approaches generally result
in higher model accuracy relative to the performance observed
in on-farm data using datasets 5, 6, 7, and 8, which are mostly
based on operational procedures of harvest.

Carbon markets protocols for agriculture ultimately require
models to assess the effect of changes in agricultural prac-
tices (e.g., improving crop rotations, adopting no-tillage, crop
increased productivity, increased days of soil cover, and
avoiding use of fire) on SOC stocks. For the long-term impact
of projects on SOC stocks, the CNPP module provides essen-
tial information on the impacts of practices on the influx of
soil carbon to the litter and, consequently, to the soil, while
the SOC dynamics is predicted through its coupled framework
(PROCS) in long-term simulations, under diverse climate and
management scenarios. PROCS uses carbon inflow informa-
tion to estimate the SOC turnover, involving calculations of
the effects of carbon decomposition on carbon losses and car-
bon stabilization based on soil properties and management
and on climatic variables.

From such dynamics the PROCS-CNPP coupled model
can estimate long-term accumulation of SOC, which is the
ultimate target of carbon markets. Additionally, a rigorous
uncertainty quantification must be performed. This involves
several input parameters such as soil, weather, management,
and calibration parameters, to determine the full range of
potential carbon stock change predicted in the simulations.
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Quantifying these uncertainties is mandatory for setting reli-
able confidence intervals for establishing carbon credits. To
demonstrate the functionality of the coupled PROCS-CNPP
model, we present results from a multiyear simulation of an
intensive cultivation system (Figure S3). All the previously
cited requirements were meticulously incorporated into this
simulation.

5 CONCLUSIONS

The model demonstrated strong performance consistency
across both the irrigated and rainfed sites within dataset 1,
thus confirming the effectiveness of the extended implemen-
tation. However, achieving equivalent predictive accuracy
proved more challenging for crops lacking long-term exper-
imental datasets, as evidenced by the results for wheat,
common bean, and perennial forage. Furthermore, a consid-
erably lower performance was observed during calibrations
conducted with on-farm data. This reduction in accuracy
is a direct consequence of the unrepresented genotypic and
management variability inherent in operational environments,
which was not incorporated during the general calibration
process. Within this on-farm calibration set, maize exhibited
superior performance relative to the other crops. We hypoth-
esize that this superior performance is due to maize’s greater
capacity to respond in terms of yield across diverse regions,
and critically, because the genotype clusters were more
consistent (i.e., grouping genotypes with similar maturity
characteristics). Such effective clustering was not achieved
for the other crop types. Given the model’s inherent sim-
plicity, we anticipate that end users can effectively calibrate
the module, thereby enabling specific parameter tuning for
local conditions to achieve higher predictive accuracy. Con-
sequently, within the major Brazilian maize, soybean, wheat,
and common bean production regions considered in this study,
CNPP is expected to be an useful tool for estimating carbon
sequestration when coupled with the PROCS (Barioni et al.,
2025) soil biogeochemical model.
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