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Abstract

Crop management strategies are essential to achieve maximum crop yields. In this context,
crop models can be used to understand yield variability. The aim of this study was to
evaluate historical yields based on the sowing date and plant density. Field experiments
were conducted during two growing seasons at two locations using a maturity group
7.6 cultivar, with distinct sowing dates and plant densities (10 to 50 plants m−2). After
calibration, the model was applied to historical weather data (1990–2022) for nine loca-
tions across the Cerrado biome. The CSM-CROPGRO-Soybean model simulated soybean
development with biases for physiological maturity of +8 and −7 days for calibration
and evaluation, respectively. The relative root mean square error for yield was below
14%. Similar trends were observed for the leaf area index (LAI) across plant densities,
while biomass partitioning proved to be a limiting component, mainly for stem biomass.
The optimal plant population ranged from 20 to 30 plants m−2, whereas a low density
(10 plants m−2) resulted in higher yield losses under late sowing. Therefore, the use of crop
simulation models is an effective tool to understand and optimize sowing dates and plant
densities under historical climatic conditions in the Cerrado.

Keywords: agrometeorological modeling; climate risk; crop management; attainable yield

1. Introduction
Brazil is responsible for 39% of the world’s soybean production, which represents

152.14 million tons [1]. The Central-West Region of Brazil, which largely comprises the
Cerrado biome, accounts for 49% of the national production, corresponding to 145 million
tons [2]. Despite the favorable edaphoclimatic conditions for crop growth and development,
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yields can still be increased through more efficient management practices [3]. While
adjusting the plant population density for specific sowing dates can favor productivity due
to the more efficient use of solar radiation [4], the interactive effects of these agronomic
management prescriptions for the studied region remain unclear, and this knowledge gap
needs to be addressed.

In this context, to explore the maximum potential yield, population adjustment is
essential. The determination of the soybean plant density in the Cerrado biome has been
based on recommendations from other regions, resulting in yield losses under specific
environmental conditions [3], mainly when there are changes in the sowing date due to the
delayed onset of rainfall [4].

Considering the extensive territory of the Cerrado biome, soybean is grown across a
wide range of photoperiods, which directly influences the daylight duration, solar radiation,
rainfall, and temperature [5]. Thus, estimating the attainable yield based on plant density
adjustments for each sowing date can help to optimize soybean productivity by maxi-
mizing the solar radiation use efficiency [5]. Accordingly, incorporating plant population
adjustment into management practices can contribute to reducing yield gaps associated
with suboptimal management, ensuring the more efficient use of climatic resources [6].

According to the Köppen–Geiger climate classification, the Cerrado biome predom-
inantly presents the Aw climate type, featuring rainy summers and dry winters [7]. Al-
though the rainy period is well defined (October to March), there is large variability in
rainfall distribution; thus, the sowing date can be adjusted to coincide with the period of
lowest losses caused by water deficits [8]. Furthermore, the wide diversity in soil texture
can influence the attainable crop yield [9], since the clay loam or coarser soils common in
the Cerrado biome have low water retention capacity [10].

The influence of the plant density and sowing date under the cultivation conditions of
the Cerrado biome in Brazil has not yet been fully elucidated [4]. Therefore, the hypothesis
of this study was that the CSM-CROPGRO-Soybean model can be used to optimize the
attainable yield as affected by the plant density and sowing date. Based on this, the
objectives of this study were (a) to calibrate and validate the performance of the CSM-
CROPGRO-Soybean model in simulating soybean development, growth, and yield as
a function of the plant density and sowing date, using a cultivar belonging to maturity
group 7.6, widely used in the region, and (b) to identify the combinations of plant density
and sowing date that provide the highest yield based on seasonal analysis and long-term
climatic history for a maturity group 7.6 variety across nine representative locations of the
Cerrado biome.

2. Materials and Methods
2.1. Field Experiment

The study was carried out in the state of Goiás, Brazil, with field experiments con-
ducted in the municipalities of Itaberaí and Silvânia (Lat: −16.706, Long: −48.571, 701 m;
Lat: −16.203, Lon: −49.765, 877 m) (Figure 1). The climate is classified as Aw according to
Köppen’s climate classification, characterized by rainy summers and dry winters [7]. The
cultivar used was Brasmax Tormenta CE, belonging to maturity group 7.6, with sowings
conducted on 23 October and 25 November 2022 and 5 October and 1 December 2023, in
Itaberaí and Silvânia, respectively.

https://doi.org/10.3390/atmos17070701

https://doi.org/10.3390/atmos17070701


Atmosphere 2026, 17, 701 3 of 14

Figure 1. Brazilian states (top left), locations where calibration and evaluation experiments were
conducted, and sites used for long-term simulated yield study, with colors indicating soybean
production intensity by municipality across the Brazilian Cerrado biome, adapted from [2].

The experimental units consisted of plots of 5 m in length and 4 m in width, containing
8 planting rows. A completely randomized design in a 5 × 2 factorial scheme was used
in each growing season, with factors including the plant density (10, 20, 30, 40, and
50 plants m−2) and location (Itaberaí and Silvânia), for the growing seasons of 2022/23
and 2023/24. The plant density of 50 plants m−2 was applied only in the 2023/24 growing
season. Sowing was carried out using a planter in a no-till system with 53 seeds per square
meter, while plant population adjustments in each treatment were made by thinning plants
12 days after emergence to obtain the target plant density treatments. Crop management
followed local high-yield farmer practices, aiming to minimize interference from limiting
factors on crop growth and yield.

2.2. Soil, Weather, and Crop Data

Soil physical attributes were determined by collecting intact soil structure samples in
the field using a volumetric ring to quantify the water content at saturation (SAT), field
capacity (FC) and permanent wilting point (PWP), soil bulk density (BD), and saturated
hydraulic conductivity (KSAT) (Table 1). FC and PWP were quantified using the Richards
pressure chamber method at 10 and 1500 kPa, respectively [11].
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Table 1. Soil layer, clay, sand, and organic matter (OM) content; soil water content at saturation
(SAT), at field capacity (FC), and at permanent wilting point (PWP); soil bulk density (BD); saturated
hydraulic conductivity (KSAT); and root growth factor in the soil (SRGF) in Itaberaí and Silvânia.

Soil Layer Clay Sand OM SAT FC PWP BD KSAT
SRGF

cm % g kg−1 m3 m−3 Mg m−3 mm h−1

Itaberaí

0–10 45 47 23 0.53 0.46 0.25 1.51 18 1
10–20 45 47 13 0.53 0.44 0.25 1.67 18 0.75
20–40 46 46 8 0.50 0.42 0.22 1.60 13 0.40
40–60 48 44 8 0.50 0.42 0.23 1.58 13 0.30

60–130 48 44 8 0.50 0.42 0.23 1.58 13 0.1

Silvânia

0–10 34 58 16 0.56 0.25 0.21 1.22 20 1
10–20 34 58 10 0.57 0.25 0.23 1.16 20 0.75
20–40 36 56 8 0.56 0.22 0.23 1.18 14 0.40
40–60 36 56 8 0.52 0.23 0.23 1.19 14 0.30

60–130 36 56 8 0.52 0.23 0.23 1.19 14 0.1

The daily weather data were obtained from the NASAPOWER digital platform, using
the Power Data Access Viewer (https://power.larc.nasa.gov/data-access-viewer/)
(accessed on 15 January 2025), validated in [12], including the daily maximum and mini-
mum air temperature and total solar radiation, with precipitation obtained from a weather
station installed at the experimental sites during the periods of the field experiments.

Phenological stages were monitored weekly, recording the date on which at least 50%
of the plants in the plot reached the phenological characteristics described in [13], including
the dates of sowing, emergence, first flower, first seed, and physiological maturity. The total
aboveground biomass partitioned into the stem, leaf, pod, and grain, as well as the leaf area
index and canopy height, was measured four to six times during the crop cycle—on average,
at 25, 60, 75, and 90 days after sowing—by sampling five consecutive plants from the central
rows of each experimental unit. Root samples were collected using the monolith method,
which enables the complete recovery of the root system biomass. Dry biomass was obtained
by drying the samples at 70 ◦C to a constant mass. The leaf area index was determined by
digitizing the entire leaf area using the software ImageJ, version 1.46c (National Institutes of
Health, Bethesda, MD, USA) [14]. At the end of the season, the grain yield, grain number per
area, grain number per pod, and grain weight were measured, and the harvest index was
calculated as the grain yield divided by the total aboveground dry biomass.

2.3. DSSAT Model Calibration and Evaluation

Calibration was performed using development and growth data collected during
the 2022/23 growing season, and evaluation was performed using data from the 2023/24
growing season. The soil root growth factor (SRGF) (Table 1) was obtained from [4]. The
initial soil water content was set at 50% of the difference between FC and PWP, with the
simulation initiated 30 days prior to the sowing date.

The generic parameters for maturity group 7 from the ecotype and cultivar file in
DSSAT-CROPGRO-Soybean software, version 4.7.5 (DSSAT Foundation, Gainesville, FL,
USA) [15], were used as the initial set of cultivar parameters for calibration, following the
value ranges described in [13]. The first step was to calibrate the phenological coefficients,
including the first flower (EM-FL), first pod (FL-SH), first seed (FL-SD), and beginning of
maturity (SD-PM) [16], in combination with the critical short-day length (CSDL) and the
slope of the relative development response to photoperiod (PPSEN).
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Growth parameters were calibrated in sequence, including the maximum leaf photo-
synthesis rate (LFMAX), specific leaf area of the cultivar under normal growth conditions
(SLAVR), maximum fully expanded leaf size (three leaflets) (SIZLF), interval between first
flower (R1) and end of leaf expansion (FL-LF), maximum seed weight (WTPSD), seed-filling
duration for a set of pods under normal growth conditions (SFDUR), average number of
seeds per pod under normal growth conditions (SDPDV), duration for the cultivar to reach
the final pod load under optimal conditions (PODUR), and threshing percentage (THRSH)
between grains and pods.

The calibration procedure combined the generalized likelihood uncertainty estima-
tion (GLUE) method [17], implemented in the DSSAT platform, with a manual calibration
step. The GLUE procedure generated 15,000 parameter [18] sets through Monte Carlo
sampling within the predefined minimum and maximum ranges of the cultivar coeffi-
cients [13]. The performance of each parameter set was evaluated using the Gaussian
likelihood function implemented in DSSAT, which accounts for the differences between
simulated and observed variables relative to their assumed error variances. Likelihood
values across observations were combined multiplicatively and normalized to obtain
posterior probability weights. All parameter sets producing valid simulations were
used to construct posterior distributions, and the complete parameter vector associated
with the maximum posterior probability was selected as the GLUE-calibrated parameter
set. This set was subsequently refined manually to improve the agreement between
the simulated and observed crop growth time series, verifying the consistency with
other calibrations and with the characteristics of maturity groups in the model database.
The general model performance was evaluated using bias, the root mean square error
(RMSE), and scatter plots between the measured and simulated results [19].

2.4. Long-Term Simulation: Sowing Date and Plant Density Interaction

Crop management was simulated using the DSSAT Seasonal Analysis software, ver-
sion 4.7.5 (DSSAT Foundation, Gainesville, FL, USA) [15], considering the sowing dates and
plant densities for nine locations, namely São Gabriel do Oeste, MS; Itaberaí, GO; Silvânia,
GO; Rondonópolis, MT; Edéia, GO; São Luiz do Norte, GO; Gurupi, TO; São Desidério,
BA; and Miranorte, TO (Figure 1). Daily meteorological data were obtained for the period
from 1 January 1990 to 31 December 2022 from [20]. The management strategy evaluated
included five population densities of 10, 20, 30, 40, and 50 plants m−2 for maturity group
7.6, as well as 10-day intervals between sowing dates for each location, defined based
on the agroclimatic zoning risk [21]. The soil type and texture by location were obtained
from [22], while soil hydraulic properties were obtained from [4]. The simulation was
initiated three months prior to each sowing date, assuming initial soil water content at 50%
of the difference between FC and PWP, thereby stabilizing the soil water content before
each planting date in each growing season. The output used was the attainable grain yield
at 13% grain moisture, defined as the maximum crop yield achievable under local soil and
climate conditions with the best management practices, without limitations regarding pests,
weeds, diseases, nutrition, and lodging [3].

3. Results
3.1. Weather Conditions in the Field Experiments

Considerable seasonal climatic variability was observed across the different locations,
growing seasons, and sowing dates. The mean air temperatures (maximum and minimum)
were 24.05 ◦C (20.01 and 28.63 ◦C) and 26.28 ◦C (21.13 and 22.08 ◦C), respectively, for the
2022/23 and 2023/24 growing seasons. The mean daily solar radiation was 23.18 and
21.80 MJ m−2 day−1 for the 2022/23 and 2023/24 growing seasons, respectively. The
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cumulative water deficit during the 2022/23 growing season was 101 mm and 71 mm
at the Itaberaí and Silvânia sites, respectively. During the 2023/24 growing season, the
cumulative water deficit increased to 209 mm in Itaberaí and 117 mm in Silvânia.

3.2. Calibration and Evaluation

The calibration process, following [16], began with the adjustment of the parameters
CSDL and PPSEN for predicting the occurrence of the first flower, followed by the calibration
of EM-FL, FL-SH, FL-SD, and SD-PM (Table 2). Subsequently, FL-LF, SLAVR, and SIZELF were
modified to improve the simulation of the leaf area index, for which parameter adjustment
was necessary to enhance the performance at the lowest plant density. FL-LF was altered due
to the indeterminate growth habit of the studied cultivar. LFMAX was adjusted to increase
biomass production, since this parameter increases the plant photosynthetic rate; it was
modified from 1.03 to 1.035 µmol m−2 s−1. The final alterations involved parameters related
to the duration of pod and grain growth to improve yield simulation (Table 2).

Table 2. Parameter acronyms, descriptions, and default (D) and calibrated (C) values in the CSM-
CROPGRO-Soybean model for soybean crop maturation group 7.6.

Acronym Description
Values

D C

#ECO Code for the ecotype to which the cultivar belongs SB0801 SB0801

CSDL Critical short-day length below which reproductive development progresses with no
daylength effect (for short-day plants) (h) 12.58 12.02

PPSEN Slope of the relative response of development to photoperiod with time (positive for
short-day plants) (1/h) 0.311 0.330

EM-FL Time between plant emergence and flower appearance (R1) (photothermal days) 20.2 15.2

FL-SH Time between first flower and first pod (R3) (photothermal days) 9.0 7.0

FL-SD Time between first flower and first seed (R5) (photothermal days) 16.8 12.8

SD-PM Time between first seed (R5) and physiological maturity (R7) (photothermal days) 35.6 29.65

FL-LF Time between first flower (R1) and end of leaf expansion (photothermal days) 18.00 21.00

LFMAX Maximum leaf photosynthesis rate at 30 ◦C, 350 vpm CO2 and high light (mg CO2 m−2 s) 1.03 1.035

SLAVR Specific leaf area of cultivar under standard growth conditions (cm2 g−1) 375 385

SIZLF Maximum size of full leaf (three leaflets) (cm2) 180 199.0

XFRT Maximum fraction of daily growth that is partitioned to seed + shell 1.00 1.00

WTPSD Maximum weight per seed (g) 0.18 0.18

SFDUR Seed filling duration for pod cohort at standard growth conditions (photothermal days) 23.0 23.0

SDPDV Average seed per pod under standard growing conditions (#/pod) 2.05 2.40

PODUR Time required for cultivar to reach final pod load under optimal conditions
(photothermal days) 10.0 10.0

THRSH Maximum ratio of (seed/(seed + shell)) at maturity. Causes seeds to stop growing as their
dry weights increase until shells are filled in a cohort (threshing percentage) 78.0 78.0

SDPRO Fraction protein in seeds (g(protein)/g(seed)) 0.400 0.350

SDLIP Fraction oil in seeds (g(oil)/g(seed)) 0.200 0.200

V1-JU Time required from first true leaf to end of juvenile phase (thermal days) 6.0 6.0

The crop model showed biases of 0, 2, 6, and 8 days at calibration and 1, 2, −5, and
−7 days at evaluation, respectively, for emergence, anthesis, first seed, and the onset of
maturity (Table 3). No effects of the plant density on crop phenology were observed for the
field and simulated data. The canopy height showed a difference mainly in the calibration
step, with 0.93 and 0.61 m, respectively, for the measured and simulated data (Table 3). The
maximum leaf area index (LAI) showed a relative root mean square error (rRMSE) of 0.43
in the calibration and 0.31 in the evaluation. The grain number per m2 and per pod and
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the grain weight performed better during calibration, whereas the bias, root mean square
error (RMSE), and rRMSE increased during evaluation. The aboveground biomass showed
rRMSEs of 0.32 and 0.33, respectively, in the calibration and evaluation, while the pod
weight showed a considerably increased rRMSE from calibration to evaluation (Table 3).

Table 3. Measured (M) and simulated (S) values, bias, and absolute (RMSE) and relative root mean
square error (rRMSE) values for phenology and growth variables during calibration and evaluation steps.

Variable
M S Bias RMSE rRMSE

Calibration

Emergence day 6 6 0 - -
Anthesis day 30 32 2 - -
First seed day 55 61 6 - -
Maturity day 107 114 8 - -

Canopy height (m) 0.93 0.61 −0.32 0.92 0.99
Maximum LAI 4.29 3.91 −0.38 1.84 0.43

Grain number per m2 2296 2685 389 775 0.34
Grain number per pod 2.46 2.61 0.15 0.66 0.27
Grain weight (g unit−1) 0.185 0.189 −0.004 0.007 0.01

Top weight (kg ha−1) 6078 7137 1059 1972 0.32
Pod weight (kg ha−1) 6663 6228 −434 2630 0.39
Grain yield (kg ha−1) 4377 4590 −213 606 0.14

Variable Evaluation

Emergence day 6 5 1 - -
Anthesis day 30 28 2 - -
First seed day 60 55 −5 - -
Maturity day 114 106 −7 - -

Canopy height (m) 0.69 0.61 −0.08 0.24 0.35
Maximum LAI 3.68 2.17 −0.51 1.14 0.31

Grain number per m2 1242 2559 1317 1564 1.26
Grain number per pod 2.32 3.71 −1.39 1.91 0.82
Grain weight (g unit−1) 0.143 0.355 0.211 0.617 4.30

Top weight (kg ha−1) 6843 6099 −744 2292 0.33
Pod weight (kg ha−1) 1125 4186 3061 3934 3.49
Grain yield (kg ha−1) 3008 2823 −185 301 0.11

For the grain yield, the RMSEs were 606 and 301 kg ha−1 during calibration and
evaluation, respectively (Table 2; Figure 2), with rRMSEs of 13 and 11%, respectively. The
relationship between the measured and simulated values for the grain yield by plant
density (Figure 2) shows the ability of the model to simulate different yield levels across
plant densities (Figure 2a).

Figure 2. Relationship between the measured and simulated soybean yield during the calibration
(a) and validation (b) processes at four (a) plant population densities (10, 20, 30, and 40 plants m−2)
for growing season 2022/23 and five (b) plant population densities (10, 20, 30, 40, and 50 plants m−2)
for growing season 2023/24 for a maturity group 7.6 cultivar. RMSE is the square root of the mean
square error and rRMSE is the relative root mean square error.

https://doi.org/10.3390/atmos17070701

https://doi.org/10.3390/atmos17070701


Atmosphere 2026, 17, 701 8 of 14

The gradual increase in plant population density from 10 to 50 plants m−2 increased
the LAI (Figure 3). However, the greatest difference in LAI occurred between the lowest
population of 10 plants m−2 and the other populations. The smallest differences in LAI values
were observed among the populations of 30, 40, and 50 plants m−2 (Figure 3). The simulated
LAI values exhibited the same trend as the observed values for all population densities and
sowing dates (Figure 3). The water deficit that occurred on the sowing date of 5 October 2023
in Itaberaí (Figure 3c) caused a drastic reduction in the LAI, with the CROPGRO-Soybean
model proving efficient in estimating the LAI even under deficit conditions.

Figure 3. Leaf area index (LAI) measured (symbols) and simulated (lines) throughout the crop cycle for
calibration (a,b) and validation (c,d) at four plant population densities (10, 20, 30, and 40 plants m−2)
for growing season 2022/23 and five plant population densities (10, 20, 30, 40, and 50 plants m−2) for
growing season 2023/24, with sowing on 23 October 2022 (a), 25 November 2022 (b), 5 October 2023 (c),
and 1 December 2023 (d) in Itaberaí (a,c) and Silvania (b,d).

Good agreement between the simulated and measured total dry mass values was
observed (Figure 4), with model underestimation for the 5 October 2023 sowing date
(Figure 4c) under the severe water deficit. Similarly, model underestimation was observed
for the plant density of 10 plants m−2 on 23 October 2022 (Figure 4a). The leaf dry biomass
showed a lower rate of increase for higher plant densities (above 40 plants m−2) for all field
experiment conditions (Figure 4e–h). For the 5 October 2023 (Figure 4e) and 25 November
2022 (Figure 4f) sowing dates, the lower plant density (10 plants m−2) showed a sharper
decline in the measured leaf dry mass than the model-simulated values.
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Figure 4. Measured (points) and simulated (lines) values of total (a–d), leaf (e–h), stem (i–l), pod
(m–p), and root (q–t) dry biomass at four plant population densities (10, 20, 30, and 40 plants m−2)
for growing season 2022/23 and five plant population densities (10, 20, 30, 40, and 50 plants m−2)
for growing season 2023/24, with sowing dates on 23 October 2022 (a,e,i,m,q), 25 November 2022
(b,f,j,n,r), 5 October 2023 (c,g,k,o,s), and 1 December 2023 (d,h,l,p,t) in Itaberaí (a,c,e,g,i,k,m,o,q,s)
and Silvania (b,d,f,h,j,l,n,p,r,t).

The plant density of 50 plants m−2 showed lower measured leaf dry biomass than
40 plants m−2 for the sowing date of 1 December 2023 (Figure 4h), which was captured by
the crop model. Stem dry mass showed the highest bias in simulated values (Figure 4i–l).
The only exception was for a plant density above 30 plants m−2 for sowing on 1 December
2023 (Figure 4i). Both the measured and simulated values of pod dry biomass showed
lower differences across plant densities (Figure 4m–p). The measured root dry biomass was
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highly different across plant densities for the sowing date of 23 October 2022 (Figure 4q),
with greater root biomass under higher plant densities due to early planting and a lower
water deficit than on 5 October 2023. The simulated root dry mass values were consistent
with the measured trends, but with less pronounced differences across plant densities. The
crop model simulated intense root senescence under water deficit conditions (Figure 4s),
suggesting that a substantial proportion of the root system became physiologically inactive
under these stress conditions.

3.3. Sowing Dates and Plant Densities

The seasonal simulation analysis over 30 growing seasons showed that the greatest
yield response was observed at an increase in plant density from 10 to 20 plants m−2 (+20%),
followed by increases from 20 to 30 plants m−2 (+10%), 30 to 40 plants m−2 (+6%), and 40
to 50 plants m−2 (+4%) (Figure 5). The average yields across locations ranged from 2950
(Miranorte, Figure 5h) to 4260 kg ha−1 (São Gabriel do Oeste, Figure 5a). Sowing dates
across October, November, and December resulted in average yields of 3034, 3470, and
3313 kg ha−1, respectively (Figure 5), with greater interannual variability during the first
and second ten-day periods of October (01/10 and 10/10).

Figure 5. Simulated yield as a function of plant density (10, 20, 30, 40, and 50 plants m−2) for ten
sowing dates across nine locations in the Cerrado biome, including São Gabriel do Oeste—MS (a),
Edéia—GO (b), Silvânia—GO (c), Itaberaí—GO (d), Rondonópolis—MT (e), São Luíz do Norte—GO
(f), São Desidério—BA (g), Miranorte—TO (h), and Gurupi—TO (i). The red dotted line represents
the simulated average yield; boxes represent the 25th, 50th (median), and 75th percentiles; whiskers
represent the 5th and 95th percentiles; and black points represent outliers.
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Yields above the average were observed for sowing dates ranging from 1 November
to 21 December, with the highest yields on 21 November at 30 plants m−2 in São Gabriel
do Oeste (Figure 5a) and Rondonópolis (Figure 5e). Edéia (Figure 5b), Silvânia (Figure 5c),
and Itaberaí (Figure 5d) showed patterns similar to those of São Gabriel do Oeste and
Rondonópolis, but with 10 plants m−2 showing a larger difference relative to 20 plants m−2.
São Luiz do Norte (Figure 5f), Miranorte (Figure 5h), and Gurupi (Figure 5i) showed a
longer sowing window with yields above average for 30 plants m−2. São Desidério showed
higher variability across year-to-year growing seasons, with the most promising sowing
dates occurring until 1 December at 30 plants m−2 (Figure 5g).

4. Discussion
The CROPGRO-Soybean model was calibrated for a maturity group 7.6 cultivar with

an indeterminate growth habit using high-resolution crop data. Although the calibration
used two growing seasons, the 18 treatment combinations provided substantial variability
in phenology, LAI, biomass and yield under contrasting water regimes. The breadth of
data underscores the model’s robustness [23], with cultivar-specific responses refined using
a model validated for climate and soil extrapolation across the Cerrado.

The model showed low bias for the grain yield and an adequate capacity to represent
crop growth and development. However, traits such as the pod weight (rRMSE = 3.49)
and single-grain weight (rRMSE = 4.30) showed higher bias during model evaluation,
suggesting that these traits are strongly influenced by the local conditions and are less
mechanistically represented in the model. Nevertheless, the good performance observed
for the grain yield indicates that compensatory effects among simulated crop growth
parameters may have contributed to the adequate simulation of the final grain yield. These
simulation patterns and performance metrics were similar to those reported in other studies
using CSM-CROPGRO-Soybean [23,24].

Anthesis is strongly influenced by the air temperature during the vegetative phase
of the crop [25]. Although this relationship is consistent with the variation observed in
the emergence-to-flowering period of 27 to 32 days for model calibration and validation,
the results indicate that temperature alone did not explain all observed variability. In
addition, the crop model was able to represent later sowing dates, which were exposed
to progressively shorter photoperiods, contributing to changes in the duration of the
vegetative period [26,27].

Although the model showed good performance in simulating the total dry biomass,
this agreement appears to result from compensatory effects among biomass components.
The stem dry mass was consistently overestimated throughout the crop cycle, indicating
that the model allocated a higher proportion of assimilates to vegetative structural growth
than observed in the field. This overestimation may have compensated for the underestima-
tion of the pod dry biomass, followed by smaller discrepancies in root and leaf biomass. In
CROPGRO-Soybean, biomass partitioning is controlled by internal species-level functions,
with limited flexibility for cultivar-specific calibration [13,27]. Thus, biases in the temporal
allocation of dry matter, especially to stems and pods, indicate limitations in representing
organ-level biomass dynamics [4], but with a limited impact on this study because the
focus was the grain yield.

The greatest difference in the simulated yield was observed between densities of
10 and 20 plants m−2. This pattern was related to the lower efficiency of solar radiation use
in reduced populations, due to the lower leaf area index, which tends to reduce biomass
accumulation and grain production [28]. Reduced plant densities provide lower leaf areas,
which decreases light interception by the canopy, thereby reducing the photosynthetic
rate and, consequently, the production of photoassimilates [29]. These results are con-
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sistent with those described in [4], where the authors identified plant densities between
20 and 30 plants m−2 as most favorable for achieving high yields under the Cerrado biome
conditions. In the present study, increasing the population beyond 40 plants m−2 did not
result in further yield gains, suggesting the existence of a threshold beyond which a higher
plant density restricts the partitioning of biomass allocated to grain filling, increasing the
competition for light, water, and nutrients in higher populations [30,31].

The rainfall period in the Cerrado biome region occurs between the months of October
and March. However, October exhibits considerable variability in the distribution of
precipitation [8], which contributed to slightly lower yields for the first sowing dates. On
the other hand, late sowing in December was associated with a shorter daylight duration.
Thus, plants were exposed to lower amounts of solar radiation, and the growth cycle was
accelerated due to the earlier flowering, which decreases biomass partitioning toward
grain filling [32]. November consistently provided higher yields, therefore being the
most promising sowing date period in the Cerrado biome, when considering optimal
management. This coincides with the period presenting the longest photoperiod combined
with water availability, favoring increased soybean productivity [33].

The results indicate that interannual yield variability resulted from the interaction
among soil characteristics, precipitation distribution, and the atmospheric evapotranspira-
tion demand throughout the growing seasons, indicating that, in environments with a low
soil water storage capacity, management strategies related to the sowing date and plant
population can mitigate yield losses [34,35]. These interactions shaped the attainable yield
simulated by the crop model under different climate-risk conditions [3].

5. Conclusions
The CSM-CROPGRO-Soybean model showed low bias for the grain yield, with ade-

quate representation of soybean growth and development, considering contrasting plant
densities, sowing dates, and locations. Limitations were observed for the pod weight,
single-grain weight, and stem and pod dry biomass, leading the model to compensate
among these components. Planting soybeans in November with plant populations between
20 and 30 plants m−2 was the most promising agronomic management strategy to maxi-
mize the attainable seed yields. The plant density of 10 plants m−2 resulted in low yields,
especially for late sowings performed in December due to the reduced cycle length. At plant
densities above 40 plants m−2, a slight increase in the attainable yield was observed under
optimal management conditions, assuming no limitations from pests, weeds, diseases,
nutrient availability, or lodging. However, this response should be interpreted cautiously,
as higher plant densities may increase the risks of lodging and disease pressure under field
conditions, potentially limiting the expected yield gains. Sowing dates should be carefully
considered to reduce the risk of crop exposure to water deficits. Sowing during the first
and second ten-day periods of October should be considered only when rainfall starts early
in the growing season, ensuring adequate conditions for crop establishment.
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