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ABSTRACT

Soybean (Glycine max) is a vital oilseed crop globally, but in India, its average grain yields remain
relatively low despite the presence of high-yielding varieties. This study aimed to optimize soybean
cultivation in the Tarai region of Uttarakhand, India, by exploring the impact of different sowing
dates on crop growth and yield using the Decision Support System for Agrotechnology Transfer
(DSSAT) CROPGRO model. The experiment was conducted in 2022 and 2023 at Pantnagar,
Uttarakhand, using a split-plot design with three replications. The model was calibrated and
validated for different sowing dates, and key parameters such as emergence days, physiological
maturity days, grain yield, harvest index, and leaf area index were compared between simulated
and observed values. During validation RMSE and R2 was 48.44 and 0.90 for grain yield, 1.10 and
0.99 for physiological maturity, 0.042 and 0.99 for harvest index and 1.14 and 0.97 for LAl
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respectively. The results showed that adjusting sowing dates can significantly affect soybean
growth and yield, with optimal sowing times resulting in higher yields and better crop performance.
Specifically, sowing on July 22nd resulted in the highest grain yield, while sowing on August 21st
led to the lowest. The DSSAT CROPGRO model proved to be a valuable tool for simulating
soybean growth and predicting crop outcomes under varying environmental conditions.

Keywords: DSSAT; model simulation; CROPGRO.
1. INTRODUCTION

Soybean (Glycine max (L.) Merrill) is basically
recognized as a leguminous crop; however, it
has emerged as a prominent oilseed crop
globally. It contributes to over 50 percent of
oilseed production and accounts  for
approximately 30 percent of the total vegetable
oil supply. Despite the presence of numerous
high-yielding soybean varieties, India continues
to experience relatively low average grain yields.
Soybeans are primarily categorized as an oilseed
crop rather than a pulse crop, boasting a protein
content of 40-42% and an oil content of 18-20%
[1]. Their remarkable nutritional profile has
fuelled a growing demand for soy-based foods
such as soymilk, soybean sprouts, soy nuts,
various types of tofu, cottage cheese, and curd
[2]. In Uttarakhand, soybeans are predominantly
cultivated during the kharif season. However,
farmers often encounter practical challenges
such as poor germination and inadequate crop
growth, resulting in significantly low yields.
Optimal temperatures ranging from 28-32°C are
crucial for both germination and vegetative
stages, while temperatures of 30-36°C are
preferred during the reproductive phase. Various
soybean varieties exhibit  sensitivity to
environmental fluctuations in their respective
cultivation areas. Like other cereal crops,
soybean seeds begin to deteriorate in quality
during harvesting, processing, and storage,
consequently reducing plant stands and seed
yields. Therefore, achieving rapid germination
and uniform crop growth is imperative for
maximizing seed vyield potential [3]. At the
farmer's level, several factors limiting soybean
seed production. Key among these s
inappropriate  sowing timing, unpredictable
weather patterns, low germination rates, poor
seed quality, and insufficient irrigation.
Addressing these challenges necessitates a
thorough exploration of diverse soybean varieties
and agronomic strategies. By identifying suitable
varieties and adopting proper agricultural
practices, these constraints in soybean
cultivation can be effectively mitigated. In
northern India, soybean cultivation typically

occurs during the Kharif rainy season, spanning
from June to November. However, excessive
moisture or waterlogging during the monsoon
months presents unfavourable conditions for
soybean growth. These conditions lead to
diminished soil porosity, resulting in reduced soil
aeration, reduced nodulation, inhibited root
growth, and impaired nutrient uptake. These
physiological and biochemical disruptions
negatively impact the plant's productivity.
Assessing the scale of such potential impacts
has prompted the utilization of several process-
based crop models. These models are designed
to simulate the complex interplay between crops,
their environment like weather and soil
conditions, management  practices, and
performance under projected future climate
conditions [4]. One widely employed model in
this regard is Crop Growth (CROPGRO),
developed by Jones et al. [5]. Many calibration
and validation investigations conducted on
CROPGRO-soybean have confirmed the model's
capacity to accurately replicate crop growth
stages and observed seed yields across various
climatic conditions and regions [6-12]. Achieving
sustainable soybean production and maximizing
yield requires the adoption of advanced methods
that enhance management strategies while
mitigating environmental impacts [13]. Optimizing
crop yield entails careful selection and fine-tuning
of management practices such as irrigation [14],
planting schedules [15], tillage, and fertilization
[16]. The CROPGRO model, a product of the
Decision Support System for Agrotechnology
Transfer (DSSAT) initiative, has consistently
demonstrated strong performance in replicating
crop reactions to detailed physiological process

and environmental variables [17-20]. The
CROPGRO model has found extensive
application in simulating crop vyields across

various agricultural crops such as soybean,
cotton, and alfalfa [21,22]. It's crucial to sow
soybeans at the recommended time to mitigate
potential harm from insects, diseases. freezing,
and weeds, Likewise, ensuring that flowering
occurs under suitable temperature and day
length conditions is paramount for achieving
optimal yield. Delayed sowing of soybeans could
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result in reduced plant height, fewer branches,
reduced harvest index, and lower grain yield [23].
Utilizing resources, particularly light, water, and
nutrients, which enhances the rate of vegetative
growth and development, especially influencing
factors such as leaf area index (LAI) and plant
height. These aspects are significantly influenced
by planting density and row spacing [24].

In recent time, scientists are paying more
attention to predicting crop yields to produce
more food, there has been a growing focus within
the research community on crop yield prediction
to increase food production [25]. Machine
learning (ML) played a crucial for Crop Yield
Prediction, serving as a decision-making tool. It
assists in determining which crops to cultivate
and provides guidance throughout the growing
period. There are Many different ways of using
computers to predict crop yield using, random
forests, K-nearest neighbors and neural
networks. Scientists have also tried lots of other
machine learning methods to make predictions
better. Some popular ones are long short-term
memory (LSTM) networks, convolutional neural
networks (CNNs) and deep neural networks
(DNNs) [26].

The research aimed to assess how altering the
sowing date affects the duration of soybean
vegetation, the length of individual growth
stages, and ultimately, the size of the seed yield.
Adjusting the sowing date according to the
specific location of soybean cultivation and the
prevailing weather conditions can significantly
impact the thermal conditions and day length
during the soybean's growth period. Although the
sowing date is not typically considered a direct
input factor in cultivation practices, it can play a
strategic role in addressing vyield challenges
faced in the climatic conditions of Tarai region of
Uttarakhand.

2. MATERIALS AND METHODS

The field experiment was conducted at plot
number D6, Norman E. Borlaug Crop Research
Centre of Govind Ballabh Pant University of
Agriculture and Technology, Pantnagar, U.S
Nagar (Uttarakhand) during kharif season of
2022 and 2023. Pantnagar is situated in the Tarai
belt, about 30km southward of foothills of the
Shivalik ranges of Himalayas at 29.02°N latitude,
79.28°E longitude and at an altitude of 243.80 m
above the mean sea level. The climate of
Pantnagar comprises of sub-humid to sub-
tropical with hot dry summer and cool winters.

Generally, the monsoon sets in around third
week of June and lasts up to September end.
The mean annual rainfall is 1400 mm. May is the
hottest month of the year and temperature
generally rises to 45.5+1.5°C. However,
minimum temperature can be low as 1.5£1.0°C
in the month of January.

2.1 Soil Characteristics

The physico-chemical properties of the
experimental soil were determined by adopting
standard analytical methods. The soil was sandy
loam in texture, neutral in reaction (pH 7.2), low
in available nitrogen (220 kg ha?), high in
available phosphorus (35.40 kg ha't), medium in
available potassium (170.69 kg hal) and low in
organic carbon (0.32%).

2.2 Agronomic Practices Adopted

Land was prepared thoroughly to obtain fine soil
tilth. Pre sowing irrigation was given at about 10
days prior to sowing of the experimental crop.
First ploughing was done by tractor drawn soil
turning plough in order to get field free from
weeds and crop stubbles. After 3-4 days, two
ploughings were given deeply by tractor drawn
cultivator. The fertilizer was applied as
20:60:40:30kg/h in the form of N: P: K: S. Apart
this 5kg Zn per ha was applied in the form of
ZnSO4. Urea (46% N), single super phosphate
(18% P,05, 12% S), Murate of Potash (60% K0
and ZnS0O4 were used as a source of nitrogen,
phosphorous, potassium, Zinc and sulphur.
During sowing rows were opened to a depth of 4-
5cm with the help of furrow opener as per row
distance of treatment. One manual weeding was
also done at 45 DAS. Thimet was used as an
insecticide. Harvesting was done as per maturity
of genotypes. The crop was harvested when crop
look straw colored, and seeds were hard enough
containing 15-17% moisture. The harvesting of
each net plot was done separately and left in the
same plots for three to four days for sun drying.
Later on, seeds from harvested produce of each
plot were separated by manual threshing and
then seeds were stored properly.

2.3 Experimental Detail

There was a total of nine treatments laid out in a
split plot design. The treatments were replicated
three times, giving a total of 27 plots and a net
experimental area of 259.47 m2. Randomly
selected three plants plot? were tagged for
collecting data on emergence (days), LAl
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Table 1. Genotypic coefficient developed for modeling of PS 1347 cultivar

S.No. Parameter Definition of Trait Genetic Coefficient (PS1347)
1 CSDL Critical short day length below which 14.45
reproductive development progresses
not affected by day length
2 PPSEN The slope of the relative response of 0.49
development to photoperiod with time
3 EM-FL Time between plant emergence and 20.9
flower appearance (photothermal days)
4 FL-SH Time between first flower and first pod 5.5
(photothermal days)
5 FL-SD Time between first flower and first seed 10.3
(photothermal days)
6 SD-PM Time  between first seed and 16.50
physiological maturity
(photothermal days)
7 FL-LF Time between first flower and end of leaf 17.00
expansion (photothermal days)
8 LFMAX Maximum leaf photosynthesis rate at 1.200
30°C, 350 ppm COg,
and high light (mg CO2/(m? s)
9 SLAVE Specific leaf area of cultivar under 300
standard growth conditions (cm?/g)
10 SIZELF Maximum size of the full leaf (three 400
leaflets) (cm?)
11 XFRT The maximum fraction of daily growth 1.00
that is partitioned to seed + shell
12 WTPSD Maximum weight per seed (g) 0.12
13 SFDUR Seed filling duration for pod at standard 19.00
growth conditions (photothermal days)
14 SDPDV Average seed per pod under standard 2.15
growing conditions
15 PODUR Time required for cultivar to reach final 32.0
pod load under optimal conditions
(maximum) and yield at harvest maturity (kg/h), 2.4 Decision Support System for

physiological maturity day and harvest index
were recorded on three randomly selected plant.
Leaf area index was measured by Ceptometer
(CEPTOMETER LP-80), emergence was
observed by day to taking in emergence and
physiological maturity was observed from
germination to its physiological maturity days,
after threshing the whole produce, the seed yield
was obtained from each plot, weighed in kg m-2
and then converted to kg ha-1 for recording data.
Harvest index is the yield of the plants part of the
economic  interest (economic yield) as
percentage of total biological yield in terms of dry
matter and calculated by using following
formula:

. grain yield (k—g)
Harvest index (%) = ha— X 100

biological yield (fl—g)

Agrotechnology Transfer (DSSAT)

The following five input files were created to
run the model:

WEATHER FILE (FILE.WTH) with annual daily
solar radiation, maximum air temperature,
minimum air temperature, and precipitation,

SOIL FILE (FILES) with soil properties of the
area under study.

SOYBEAN MANAGEMENT FILE (FELEX) this
contains the details of all inputs (observed field
data) to the models for each simulation.

EXPERIMENTAL DATA FILE (FILEA) this
contains observed values of experimental
performance of the crop, which can be used for
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comparison with the simulated outputs of the
model runs. The information provided includes
anthesis date, physical maturity, yield, seed
weight, seed number, panicle number, maximum
LAl and dry matter.

GENETIC COEFFICIENTS FILE (FILEC) there
are number of coefficients that can be adjusted in
the CROPGRO-Soybean model depending upon
the variety under consideration. The ‘genetic
coefficients’ describe the phenology and grain
yield components of a particular variety. Cultivar
specific genotypic coefficient of soybean cultivars
was derived from the experimental data with the
help of GENCALC software.

2.5 Model Testing

Model testing is the process to evaluate its
performance under a specific set of soil and
weather conditions. Model testing involves
calibration, verification, validation and sensitivity
analysis. Before the use of any model, adequate
validation or assessment of magnitude of errors
that may result through its use is necessary.
Validation is the comparison between simulated
data and the observed dataset from field
experiments. Model can be considered valid and
useful even though there may be some
difference between experimental data and
simulated output. If the simulated values lie
within the projected confidence band, then the
model can be considered valid. Thus, validation
is used as an evaluation of model for its
usefulness.

3. RESULTS AND DISCUSSION

3.1 Calibration of the DSSAT CROPGRO
Model for Different Sowing Dates of
Soybean Crop

DSSAT 4.8 model was calibrated for the
Pantnagar tarai region with the help of actual or
measured data and simulated data of the year
2022 for the calibration of DSSAT CROPGRO
model and error statistics calculated for the same
were represented in Table 1.

3.2 Days to Taken Emergence

Data from the validation of simulated days
required for emergence compared to observed
data in soybean crops sown at various dates in
2022 were present in Table 2. Observed
emergence times ranged from 6.3 to 4.6 days,

while model simulations showed a range of 5-5
days. Error percentages and Root Mean Square
Error (RMSE) were calculated to assess the
disparities between simulated and observed
soybean emergence. The RMSE, MAPE
obtained between the observed and simulated
emergence were 1.48 and 0.17 respectively.

3.3 Days taken to Physiological Maturity

The physiological maturity closely approximated
observed values, with a root mean square error
(RMSE) of 4.48 days. Observed time to
physiological maturity ranged from 59.55 to
72.88 days, while model simulations indicated a
range of 57-69 days. The coefficient of
determination (R2?) between observed and
simulated values was 0.93 (Fig. 1).

3.3.1 Grain yield (kg ha)

The grain yield, as simulated by the model and
observed, ranged from 1070 to 1342 kg/ha and
1074.67 to 1304.77 kg/ha, respectively. The root
mean square error (RMSE) was determined to
be 22.33, and the coefficient of determination
(R?) between observed and simulated values
was 1.0 (Fig. 2).

3.4 Harvest Index

The observed and simulated harvest index
values exhibited closely related ranges, from
0.36 to 0.45 and 0.38 to 0.46, respectively. The
root mean square error (RMSE) for both
simulated and observed values was calculated
as 0.014. The coefficient of determination (R2) of
0.88 was found between simulated and observed
data (Fig. 3).

3.5 Leaf Area Index

The leaf area index exhibited a range of 4.56 to
5.7 for simulated values and 3.07 to 5.05 for
observed values. The root mean square error
(RMSE) between simulated and observed values
was calculated as 0.09. Furthermore, the
coefficient of determination (R?) between
simulated and observed values was determined
to be 1.00 (Fig. 4).

3.6 Validation of DSSAT 4.8 Model for
Different Sowing Date of Soybean

3.6.1 Days taken to emergence

Data from the validation of simulated days
required for emergence compared to observed
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data in soybean crops sown at various dates in
2023 were presented in Table 2. With a root
mean square error (RMSE) of 1.136 days.
Observed emergence times ranged from 5.3 to

80 y =0.8785x + 3.8702
70 R®=0.9252
60
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0
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40 45 50 55
Observed

6.7 days, while model simulations showed a
range of 5-6 days. The coefficient of
determination (R?) between observed and
simulated values was 0.52 (Fig. 5).
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Fig. 1. Simulated and Observed Physiological maturity day calibration
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Fig. 2. Simulated and Observed Grain yield (kg/h) during calibration
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Fig. 3. Simulated and Observed Harvest index calibration
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Fig. 6. Simulated and Observed Physiological maturity day during validation

3.7 Days for Physiological Maturity The coefficient of determination (R2?) between
observed and simulated values was 0.99 (Fig. 6).
The difference between simulated and observed

. a4
physiological maturity was ranges 57-69 and 3.8 Grain Yield (kg ha™)

57.11-70.11 respectively. The RMSE between  simulated and observed grain yield of soybean
observed and simulated value are 1.10 days. were presented in Table 2. The difference
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between the simulation and observed grain yield
ranges from 1155 to 1211 kh/ha andn1127.45 to
1285.68 kg/ha, respectively. The root mean
square error (RMSE) was determined to be
48.44, and the coefficient of determination (R?)
between simulation and observed values was
0.90 (Fig.7).

3.9 Harvest Index

The difference between observed and simulated
harvest index values are closely related ranges,

3.10 Leaf Area Index

The leaf area index exhibited a range of 4.56 to
5.7 for simulated values and 3.07 to 5.05 for
observed values. The root mean square error
(RMSE) between simulated and observed values
was calculated as 1.14. The coefficient of
determination (R?) between simulated and
observed values was determined to be 0.97 (Fig.
9). Calibration and validation of crop growth
models play pivotal roles in their development,

from 0.40 to 0.44 and 0.33 to 0.45, respectively. ~ evaluation, and practical application. This
The root mean square error (RMSE) for both rigorous process ensures the reliability,
simulated and observed values was calculated accuracy, and applicability of the models
as 0.042. The R? value was of 0.99 found across varied environmental conditions
between simulated and observed data (Fig. 8). [27-29].
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Fig. 8. Simulated and observed harvest index during validation
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Fig. 9. Simulated and Observed Leaf area index during validation

Table 2. Calibration of DSSAT CROPGRO model for three sowing dates (D1= Jul. 22, D2= Aug.
6, D3=Aug. 21) of soybean crop during kharif season 2022

DOS EDAP MDAP HWAM HIAM LAIX

O S 0o S 0o S 0o S ®) S
D1 6.3 5 72.88 69 1304.77 1242 0.36 0.38 5.09 5.19
D2 5.3 5 67.22 61 111576 1125 0.41 0.40 4.33 4.43
D3 4.6 5 59.55 57 1074.67 1070 0.45 0.46 2.9 2.96

DOS= Date of Sowing, EDAP= Emergence Day after Sowing, MDAP= Physiological Maturity Day After Sowing,
HWAM= Yield at Harvest Maturity, HIAM= Harvest Index at Maturity, LAIX= Leaf Area Index Maximum

Parameter RMSE NRMSE MBE R2 MAPE
EDAP 1.48 0.023 -1.3 NaN 0.17
MDAP 4.48 0.067 -4.21 0.925 0.014
HWAM 22.33 0.019 13.93 0.999 3.5%
HIAM 0.014 0.035 0.007 0.886 0.081
LAIX 0.089 0.022 0.087 1 22.7%

Table 3. Validation of DSSAT CROPGRO model for three sowing dates (D1= Jul. 22, D2= Aug. 6,
D3= Aug. 21) of soybean crop during kharif season 2023

DOS EDAP MDAP HWAM HIAM LAIX

O] S 0] S 0] S @) S ©) S
D1 6.7 5 70.11 69 1285.68 1211 04 0.33 57 5.05
D2 5.7 5 62.55 61 11855 1159 0.43 0.41 4.64 3.53
D3 5.3 6 57.11 57 112745 1155 0.44 0.45 4.56 3.07

DOS= Date of Sowing, EDAP= Emergence Day After Sowing, MDAP= Physiological Maturity Day after Sowing,
HWAM= Yield at Harvest Maturity, HHAM= Harvest Index at Maturity, LAIX= Leaf Area Index Maximum

PARAMETERS RMSE NRMSE MBE R2 Mape
EDAP 1.136 0.193 -0.567 0.519 0.17
MDAP 1.103 0.017 -0.923 0.991 0.014
HWAM 48.437 0.04 -24.543 0.909 3.5%
HIAM 0.042 0.1 -0.027 0.992 0.081
LAIX 1.136 0.299 -1.083 0.974 22.7%
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4. CONCLUSION

The study highlights the importance of choosing
the right sowing date for soybean cultivation in
the Tarai region of Uttarakhand to maximize yield
potential. The DSSAT CROPGRO model was
successfully calibrated and validated for different
sowing dates, demonstrating its effectiveness in
predicting soybean growth and yield. The results
indicate that the optimal date of sowing for
soybean cultivation in the Tarai region of
Uttarakhand is July 22nd. Sowing on this date
resulted in the highest grain yield compared to
other sowing dates, with a mean yield of 1304.77
kg/ha in the calibration year (2022) and 1285.68
kg/ha in the validation year (2023). This suggests
that sowing soybeans around late July can lead
to better crop performance and higher yields in
this region. Farmers and policymakers can use
these findings to optimize soybean cultivation
practices, improve crop management strategies,
and enhance overall agricultural productivity in
the region. Further research could focus on
expanding the model to other regions and crops
to facilitate sustainable agricultural practices and
food security.
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