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Abstract
Crop models are widely used in developing crop management strategies for sustainable production especially under
changing climatic conditions. The impact of sub-optimal climatic conditions on peanut production can be explored with the
aid of such models. Peanut being the king of oilseeds, enjoys itself a prime position amongst all other cash crops and has the
potential to narrow the gap between production and consumption of edible oil. The study was undertaken to simulate the
growth and yield of peanut cultivars under temporal variation using CROPGRO-Peanut (DSSAT) model. The model
calibration was done with phenology (days to anthesis and days to maturity), growth (leaf area index and total dry matter)
and yield data of both cultivars with 15-April planting date. The submodules such as Sensitivity Analysis and Generalized
Likelihood Uncertainty Estimation (GLUE) were used to adjust the genetic coefficients. Simulations of physiology,
phenology and yield were found well with good indices. Model simulated the days to anthesis and maturity accurately with
d-index (>0.92 and >0.92), and the indices of biomass and leaf area index were simulated well with lower RMSE (349.34497.14 and 0.86-0.69), respectively during model evaluation. Pod yield was also predicted well with lower RMSE (266.31341). Both cultivars performed well with greater yield at 15-April sowing primarily due to optimum growing conditions.
The sub-optimal growing period at delayed planting (15-June) resulted in poor growth and development due to temperature
stress ultimately, caused 27% pod yield penalty. Model also predicted the genotypes developments at different sowing times
and higher yield was observed at 15-April sowing. Peanut sowing at mid-April can be recommended for the farmers to avoid
environmental stress and appropriate use of available resources for sustainable yield. Results depicted the potential of model
for selection of appropriate genotype, planting dates and other peanut management practices in the region.
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Introduction
Peanut (Arachis hypogaea L.) is rich in oils and high
value cash crop, considered as an alternative adaptation
strategy for farmers. It is a leguminous plant native to
South America. Archealogist explored that it introduced
in Peru, probably from the eastern Andes, 8500 years ago
(Hammons et al., 2016). It is grown in tropical and sub
tropical regions. Peanut crop has great significance in the
world grain market. The world production of peanut was
49.66 million metric tons, with a planted area of 29.71
million ha (Anon., 2021). Peanut contain 45-50 percent
oil content, 25-30 percent protein, vitamins and essential
minerals (Ahmad & Rahim, 2007). The peanut is used in
making peanut snacks, butter, roasted peanut and candies.
The peanut kernel is also converted into cake and oil in
world major peanut growing countries like China (Ortega
& Ochoa, 2003). To meet the requirements, Pakistan had
to import edible oil of value US$ 3.063 billion (Anon.,
2017) which are exhausting our economy day by day.

Crop yield is determined by its adaptability to weather
conditions of a region (Saleem et al., 2019a,b,c,d,e). Qasim
et al., (2016) reported that the uncertain periodic events of
climate are more frequent in the region. The configuration
of planting time with its environmental variables are
extremely important to maximize crop yield (Tiwari et al.,
2014). From sowing to harvesting, crop productivity is
affected by any variation in weather variables. High
temperature exposure of groundnut, cause a significant loss
in peanut yield (Craufurd et al., 2002). The increase in
temperature has a great impact of crop development stages.
Consequently, the influence of changing temperature in
terms of thermal and photo-thermal time is important to
study. According to (Khosravi et al., 2010) to maximize
crop yield, selection of optimum sowing time and variety is
important. The planting times and genotypes influenced the
phenological phenophases, and growth (Damahe, 2018).
CROPGRO-Peanut model is an integrated part of
DSSAT (Hoogenboom et al., 2004). This model can be
used to estimate various parameters such as canopy
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photosynthesis. It responds to daily weather inputs, soil
water, cultivar choice and management practices
dynamically. CROPGRO-Peanut dynamically responds to
cultural practices, weather, soil water deficits and cultivar
choice. CROPGRO-Peanut model has capability to
predict phonology, development and yield of crop which
are affected by climatic conditions, traits of cultivars and
management practices provide an opportunity to use the
model for increase in production of peanut by mitigating
the problems related to environment, management
practices and cultivars of crop. Halder et al., (2017)
conducted an experiment on growth, development and
yield of peanut by using DSSAT model. They found
calibrated model quite accurate, for simulating the yield
of peanut. Guled et al., (2012) concluded that the model
predicted and recorded values were correspondingly
closed to phenology and pod yield of peanut cultivars.
Crop simulation models have potential for creating virtual
crop cultivars, for further assisting the breeder’s selection
criteria and genetic enhancement of main characteristics
contributing towards the yield improvement under various
targeted environments (Hammer & Jordan, 2007).
Boote et al., (1987); Boote et al., (1992) developed
PNUTGRO model that effectively predicts peanut
growth, development and pod yield. PNUTGRO, crop
simulation model was extensively assessed for evaluating
the climatic conditions, cultivars, yield, and genetic
coefficient (Boote et al., 1992). Yadav et al., (2012)
reported that CROPGRO-Peanut model can simulate the
yield, days to anthesis, shelling percent. They suggested
that the model can also be used to improve current
management practices of peanut which ultimately resulted
in more peanut production.
CROPGRO-Peanut
parameterization
with
comprehensive and quality experimental data are still
missing for peanut. Moreover, studies about testing peanut
model for physiology and yield under temporal variation in
semi-arid irrigated environment are still unavailable
Therefore, the validation of CROPGRO-Peanut model for
different genotypes under specific climatic conditions and
developing appropriate management strategies is significant.
The goals of study were to evaluate the CROPGRO-Peanut
model for achieving potential production for different
cultivars under temporal variation in Pakistan.

competition through hoeing and chemical control. A
basal amount of fertilizer added with the ratio of
20:40:40 kg ha-1 for NPK respectively.
Growth and development data were noted by
randomly selecting five plants from each experimental
unit to measure phenological events. These observed
phonological phenophases were used as inputs for model
parameterization. The time series and maximum leaf
area index (LAID and LAIX) were used for model
parameterization. Time series, final TDM and pod yield
were observed for each experimental unit.
CROPGRO-Peanut
model
description:
The
CROPGRO-Peanut model (Hoogenboom et al., 2015)
was used to evaluate the influence of cultivars and
planting dates on phenology, growth and production of
peanut to evaluate the possible management strategies
under temporal variation due to its wide range application
under changing climatic conditions for different regions
worldwide. The model simulation is affected by edaphic
and weather conditions. CROPGRO-Peanut model
simulates growth and development on the bases of
thermal heat unit accumulation or photo thermal time
(Jones et al., 2003). Hedgerow model of leaf-level
photosynthesis is used to simulate the light interception
and canopy photosynthesis on the basis of canopy cover
and peanut row structure (Boote & Pickering, 1994).
Hydrological processes (daily soil water availability,
evaporation and transpiration) can be simulated with
Ritchie water balance (Ritchie, 1985). The model uses
Penman-FAO method to assess the evapotranspiration
(ET) (Doorenbos, 1975). Detailed explanation of
structure, methodology and integration of all the DSSAT
sub modules are discussed (Hoogenboom et al., 2015).
Model inputs
Meteorological data: Daily maximum and minimum
temperature (ºC), relative humidity (%), daily solar radiation
and rain fall (mm) were observed in weather station,
University of Agriculture, Faisalabad, Pakistan. The model
used these weather variables as input data set. The data of
minimum, maximum and average temperatures, rainfall,
daily sunshine hours and solar radiation for the growing
period are presented in Figs. 1 and 2.

Material and Methods
Field experiment: The field trial was performed during
Peanut growing period 2017 at research area, University
of Agriculture, Faisalabad (730 E longitudes and 310N
latitudes; 213 m altitude). Peanut cultivars and Planting
dates were considered as key treatments in this
experiment. The trail was arranged as split-plot with three
replications. Peanut cultivars (BARI-2016 and BARD479) were placed in subplot while sowing dates (15-April,
15-May, and 15-June) were kept in main plots.
Crop husbandry and input data measurement:
Peanut was sown on flat beds by hand drill at 45 cm
row-row distance at 100 kg ha -1 seed rate. Proper plant
safety procedures were adopted to control weed and
insect pest to avoid weed-crop and insect-crop

Fig. 1. Monthly average rainfall (mm), Max., Mini. Temperature
(ºC) and relative humidity (%) during 2017.
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Input data and attributes of soil: The experimental
site’s soil was calcareous, well drained and silty loam
with low organic matter (0.6–0.10). Soil was deficient in
nitrogen (0.04%-0.01%) decreased in low horizon and
alkaline in nature. Soil samples were collected following
the standard methods and its physico-chemical properties
were analyzed. Due to changing soil physio-chemical
properties, the profile was divided into five partitions (011, 11-25, 25-65, 65-90 and 90-125 cm). Soil hydraulic
properties like SRGF, SSKS, DUL, SSAT and LL were
calculated using an extension in DSSAT (Table 1).
CROPGRO-Peanut model execution
Model parameterization: The model parameters are
categorized
with
local
conditions
in
model
parameterization. The ecotype, species and cultivar files
have specific information of each parameter like growth
and yield. The model was validated for each treatment
under study. Crop management data were recorded during
the experiment for model input including planting times,
nutrient application, tillage and irrigation information.
Model calibration and evaluation process
Model
calibration:
CROPGRO-Peanut
model
CROPGRO-Peanut model calibration was done on final
data of peanut crop. Genetic coefficient of both cultivars
BARI-2016 and BARD-479 were adjusted in the model.
Estimation of genetic coefficient requires growth,
phenology and yield data. Sub module GLUE and
sensitivity analysis was used to select the finest crop
coefficient. The model adjustment was done by matching
the observed values of crop development and yield with
the predicted values. Therefore, the information of
phenological events (anthesis and maturity days), yield
components such as LAI, Tops weight, pods yield was
used for model calibration. Combination of genetic
coefficient having low error was selected.
The CROPGRO-Peanut model was calibrated with
15-April sowing data which optimally utilized the
resources. Model evaluation was done by running the
model with remaining treatment. The model simulation
was done with measured data by using GLUE sub module
to drive the first subsequent parameter distribution of
input data. Furthermore, the resulted distribution was used
as an input to generate an ultimate posterior distribution.
Genetic coefficients were adjusted within 5-20% from
observed value range. Crop coefficients were adjusted one
by one; it was started with anthesis and maturity days
followed by growth, biomass and yield parameters (Hunt
& Boote, 1998). Genetic coefficients were also evaluated
by sensitivity analysis. The model predictions were
compared with measured data to manually adjust the
genetic coefficients. All the observed and simulated
parameters were compared with the help of statistical
indices to assess the model performance.

Fig. 2. Weather data (day length sunshine, daily solar radiation
and daily PAR) for the growing season.

Model evaluation: Genetic coefficients of calibrated
model were assessed by comparing the measured and
predicted data to evaluate the reliability and accuracy of
calibrated genetic coefficients. The model was run with
rest of treatments to test the performance of genetic
coefficients. The precision of genetic coeﬃcients was also
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tested by the predicted deviation (PD), root mean square
error (RMSE) and index of agreement (d).
PD =

(𝑂𝑖 − 𝑃𝑖 )
× 100
𝑂𝑖

∑𝑛𝑖=1(𝑃𝑖 − 𝑂𝑖 )2
d=1− [
2]
∑𝑛𝑖=1(|𝑝 ′𝑖 | + |𝑜 ′𝑖 |)
𝑛

0.5

(𝑃𝑖 − 𝑂𝑖 )2
R M S E = [∑
]
𝑛
𝑖=1

where: n = number of observations, Oi= observed values,
Pi= predicted values.
Results
Peanut genetic: Peanut growth and phenological variables
in ecotype file were calibrated as thermal heat units to
estimate accurate period between sowing and emergence
with measured data. The EM-FL Parameter was critical for
predicting the anthesis process. The predicted phenology was
noted within the range of observed days. A linear regression
(slope close to 1) and lower RMSE value between simulated

and observed parameters and “d” value approaching to unity
indicate a good fitted model. BARI-2016 cultivar
accumulated higher amount of thermal heat units from
sowing to maturity and ultimately, produced higher yield
than other (Table 2). A peanut genetic coefficient associated
with photosynthesis rate of leaf (LFMAX) was found
responsive as it influences carbon accumulation and leaf
photosynthesis hence; it was assessed in wide range for
better prediction. LFMAX influence simulation of canopy
growth, LAI and evapotranspiration, accordingly after
considering no stress of water, nutrients, it was adjusted to
2.78 and 1.78 (mg CO2/m2 s1) for BARI-2016 and BARD479 respectively (Table 2). During model calibration the
predicted and measured LAI and biomass (kg ha−1) of
genotypes were compared with their simulated absolute error
and root mean square error (Table 3). SLAVR was adjusted
at 245 cm2/g which affects specific leaf area and LAI
simulations. Measured and predicted time course LAI and
TDM assessment of two genotypes during calibration
confirmed good fit with convincingly high d-index (0.800.99) whereas, absolute error was (-0.16 to -1.19) and (-313
to -445 kg ha−1) for leaf area index and biomass, respectively
(Fig. 3). Moreover, RMSE values were found well (0.511.19 and 313-445 kg ha−1) for LAI and biomass for both
genotypes during peanut growth season respectively (Fig. 3).

Table 1. Physio-chemical composition and hydraulic characteristics of soil used as model input.
Depth SLCL SLSI
DUL
SSAT
SLOC SBDM
SSKS
SLNI
LL
SLHW
SRGF
(cm)
(%)
(%)
(cm cm−1)
(cm cm−1)
(%) (g cm−3) (cm h−1)
(%)
(cm cm−1)
0–11
10
56
0.18
8.3
0.341
0.91
1.19
0.68
0.04
0.067
1
11–25
13
53
0.168
8.4
0.323
0.34
1.28
0.68
0.02
0.066
1
25–65
17
53
0.189
8.2
0.340
0.23
1.29
0.68
0.02
0.082
0.407
65-90
16
54
0.186
8.3
0.340
0.20
1.29
0.68
0.02
0.078
0.212
90-125
12
58
0.176
8.4
0.350
0.20
1.25
0.68
0.01
0.064
0.001
SLCL = Clay contents in soil, SLSI = Silt contents in soil, DUL = Drained upper limit, SLHW = Soil pH in water, SLOC = Soil
organic carbon, SBDM = Soil bulk density, SSKS = Saturated hydraulic conductivity, SLNI = Soil total nitrogen concentration, LL =
Lower limit, SSAT = Saturation, SRGF = Soil root growth factor

EM-FL
FL-SH
FL-SD
SD-PM
FL-LF

LFMAX
SLAVR
SIZLF
XFRT
SFDUR
PODUR
THRSH

Table 2. Adjusted Genetic coefficients of cultivars during CSM-CROPGRO-Peanut model calibration.
Calibrated value
Cultivar coefficients description
Testing range Default value
BARI-2016 BARD-479
Peanut phenology and development
The time between plant emergence and flower
10.4
10.4
10–30
17
appearance (R1) (photothermal days)
The time between the first flower and first pod (R3)
7
7
7–17
7
(photothermal days)
The time between the first flower and first seed (R5)
30.5
30.5
17–30
17
(photothermal days)
The time between the first seed (R5) and physiological
77
77
60–80
74
maturity (R7) (photothermal days)
The time between the first flower (R1) and the end of
90
90
70–90
70
leaf expansion (photothermal days)
Peanut growth
Maximum leaf photosynthesis rate at 30 °C, 350 vpm
2.78
1.78
0.7–2.8
1.10
CO2, and high light (mg CO2/m2 S−1)
Specific leaf area of cultivar under standard growth
245
245
245–285
245
conditions (cm−2g−1)
Maximum size of full leaf (three leaflets) (cm2)
16
16
16–20
18
Peanut yield
The maximum fraction of daily growth that is
1.04
1.04
0.56–1.04
0.74
partitioned to seed + shell
Seed filling duration for pod cohort at standard growth
34
34
22–44
38
conditions
The time required for cultivar to reach final boll load
6
9.5
6–30
15
under optimal conditions
The maximum ratio of (seed/(seed + shell)) at maturity
98
80
72–98
78
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Table 3. Calibration of the model for observed and simulated variables of phenology, growth, and yield at (15-April).
BARI-2016
BARD-479
Variables
Obs.
Sim.
Abs. Err.
RMSE
Obs.
Sim.
Abs. Err. RMSE
Days to flowering
32
32
0
0
28
28
0
0
Days to maturity
157
157
0
0
154
154
0
0
Leaf area index
6.03
5.52
-0.51
0.51
5.57
4.38
-1.19
1.19
Biomass (kg ha−1)
9845
9532
-313
313
8865
8420
-445
445
Pod yield (kg ha−1)
3243
3102
-141
141
2642
2498
-144
144

Fig. 3: Observed and simulated time series LAI (a, b), TDM (c, d) of cultivars, BARI-2016, and BARD-479 during model calibration
(15 April planting).
Table 4. Comparison of observed and predicted time series
biomass and leaf area index for different genotypes
under temporal variation.
Total dry matter
Treatments
LAI
(kg ha−1)
Planting dates
Cultivars
RMSE
RMSE
BARI-2016
15-April
313
0.51
15-May
60
0.10
15-June
489
1.22
BARD-479
15-April
445
1.19
15-May
312
0.44
15-June
628
0.87

Crop phenology and growth response of CROPGROPeanut
Model response to phenological phenophases:
CROPGRO-Peanut prediction for anthesis and maturity

depicted good simulations for all genotypes over temporal
variation. The model under predicted the days to
flowering and maturity at different sowing times for both
cultivars whereas, over simulated for 15-May sowing for
BARI-2016. Statistical indices were found accurate for
phenological development as values of d-index were
projected to unity (0.67–0.93) for days to anthesis
whereas, (0.99-1) for maturity in all the treatments
(genotypes and sowing times). The measured and
predicted days to anthesis and maturity for all the
treatments showed good fit with RMSE ranged (1.410.71) and (0-1), respectively (Table 4). These outcomes
confirmed capability of CROPGRO-Peanut model for
predicting the phenological developments of genotypes
over temporal variations.
Duration of peanut growth (Leaf area index and
biomass): The CROPGRO-Peanut predicted times series
LAI and biomass with good fit during crop growing
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period for genotypes at various planting windows. Low
variations were noted in BARI-2016 with lower RMSE
but both cultivars had low values of RMSE (Tables 5 and
6). Model assessment revealed good simulation for leaf
area index of both cultivars; RMSE was found lower
(0.865-0.696) for both genotypes under all planting
windows (Table 3). The model simulated RMSE value for
leaf area index was (0.865) with degree of agreement
(0.97) for cultivar BARI-2016 in second and third sowing
times (Table 5). The model simulated RMSE value for
LAI was (0.696) of genotype BARD-479 in second and
third planting with d-stat value of (0) (Table 6). CSMCROPGRO-Peanut predicted time course TDM
accumulation quite well for both genotypes. Model
estimated the simulated and observed time course
biomass with good indices during planting times for both
genotypes particularly BARI-2016 with low value
(349.33) of RMSE (Table 5). A best fit between measured
and predicted final biomass was observed with all
treatments tested in model (Tables 5 and 6).

Table 5. Comparison of observed and simulated Pod yield
(PY) for peanut cultivars under model evaluation.
Variables
Pod yield (Kg ha−1)
BARI-2016
BARD-479
Treatments
Obs. Sim.
PD
Obs. Sim. PD
15-April
3243 3102 -141 2642 2498 -144
15-May
2743 2935
192 2280 2192 -88
15-June
2385 1990 -395 1925 1359 -566
RMSE = 266.31,
RMSE = 341,
Statistical Indices
E =-114.67, d = 0.89
E =-266, d = 0.82

Peanut pod yield: Pod yield (PY) was well predicted by
CROPGRO-Peanut for genotypes during different
planting windows with lower RMSE (266.31–341 kg
ha−1) at final harvest (Table 4). CROPGRO-Peanut
simulation for pod yield was found well with good dindex (0.89 and 0.82) for genotypes BARI-2016 and
BARD-479, respectively for all experimental treatments
(Table 6). Simulated PY matched with observed.

Table 6. Simulated and observed phenology, LAI and biomass of genotype BARI-2016 and BARD-479
under evaluation of CROPGRO-Peanut model.

Treatments
Cultivars
BARI-2016
BARD-479

Days to flowering
Obs. Sim.
RMSE
30
32
1.414
27
28
0.707

Days to maturity
Obs.
Sim. RMSE
149
149
0
145
146
1

Discussion
CROPGRO-Peanut model was well parameterized
with field data. Model estimated the cultivar coefficients
of genotypes predicted crop phonological phenophase,
growth and pod yield good with good indices. Optimum
growing period and superior genetic characteristic of
cultivar BARI-2016 consumed more photo thermal days
and depicted high LFMAX value from sowing to maturity
and showed higher growth and yield than BARD-479.
Lack of appropriate growing conditions was a reason for
lower yield in BARD-479 (Tables 2 and 3). SFDUR,
XFRT, PODUR and THRESH genetic coefficient
provided a good fit for yield and generated good
simulation showed the good performance of model during
calibration for all observed parameters. The genetic
coefficients had variations among genotypes under
temporal variation (Modala et al., 2015; Paz et al., 2012).
The model performed well during calibration (Fig. 1 and
Table 2) with low RMSE and absolute error whereas dindex had unity value (1) depicted low variation between
simulated and observed data which confirmed good fit
model during calibration. Genetic coeﬃcient provided a
good fit for pod yield and generated a good simulation
showed that the model perform good during calibration
for all the studied parameters similar to (Guled et al.,
2012; Halder et al., 2017; Yadav et al., 2012).
CROPGRO-Peanut predicted the phonological
phenophases logically well with good statistical indices
during evaluation (Table 5). The predicted values of model
for phenological stages of peanut cultivars were close to the
observed values (Guled et al., 2012). Yadav et al., (2012)
concluded that PEANUTGRO model perfectly simulated

LAI maximum
Obs.
Sim.
RMSE
5.53
6.1
0.865
4.55
4.78
0.696

Obs.
8640
7692

Tops wt. (kg/ha)
Sim.
RMSE
8917
349.334
7854
497.136

days to anthesis. The model simulation was good for
BARI-2016. Degree of agreement ranges for maturity days
indicated satisfactory model performance (Samui et al.,
2006). DSSAT model was also tested for different crops
under temporal variation locally (Ahmad et al., 2017; Amin
et al., 2017; Mubeen et al., 2013; Nasim et al., 2016;
Samui et al., 2006).
Mostly, the model simulated the time course leaf area
index very well, but it over predicted for all cultivars
beyond 100 days after sowing, this was during the
reproductive phase. Gilbert et al., (2002) investigated
over simulation of model at later stages for
PEANUTGRO model.
The model simulated the growth and yield parameters
well for BARI-2016 cultivar. Gilbert et al., (2002)
reported that the PNUTGRO founds to be most
appropriate as a predictor of good peanut leaf area index.
Model predicted biomass and economic yield well for
both genotypes showed the capability of CROPGROPeanut for assimilates transfer in plant parts. Moreover,
good model indices for biomass simulation during
evaluation confirmed that the model ability of predicting
the partitioning the bioassimilates to different plants parts
(Table 3). Anothai et al., (2008) conducted peanut
simulation studies revealed that simulated tops weight at
final harvest was fairly close to observed value and found
in good agreement with CSM-CROPGRO-Peanut.
Peanut pod yield was simulated well for both
genotypes under different plantings. Peanut cultivar
BARI-2016 planted 15-April showed good response to
environmental conditions exhibiting excellent growth and
pod yield. CROPGRO-Peanut also showed good
simulation with the observed range of pod yield (Table 3).
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Generally, model simulated well for temporal variations
for pod yield, as good simulation of the CROPGROPeanut was also reported by (Halder et al., 2017), they
reported an accurate prediction of model for yield at
maturity in an experiment. It exhibits that CROPGROPeanut model can accurately predict the yield under broad
range of temporal variations.
Conclusions
CROPGRO-Peanut model was well calibrated by
broad range of observation as growth, phonological
phases and yield and tested with other observed data for
model accuracy assessment and evaluation of genetic
coefficients. The CROPGRO-Peanut was found capable
for simulating all tested parameters of genotypes under
wide range of plating dates during evaluation. The model
simulates the peanut phenology, growth and pod yield.
Model predicted reasonably well to biomass and yield
changes however the model under predicted yield for all
the sowing times except one (15-May) for BARI-2016.
Results showed the CROPGRO-Peanut have potential and
ability to develop management strategies for decision
support and model also suggested appropriate sowing
time for better decision aid to improve peanut production.
Cultivars BARI-2016 and BARD-479 performed well
with higher yield at 15-April sowing primarily due to
optimum growing period by utilizing appropriate
environmental conditions, showed good growth at
phenological development. Delayed sowing (15-June)
resulted in 27% pod yield penalty and poor growth
indices due to sub optimal and short growing period.
Model confirmed the cultivars growth at different sowing
times and higher yield was obtained at 15-April sowing. It
is suggested for the farmers to cultivate the peanut crop at
mid-April for better yield and sustainable production. In
future, calibrated CROPGRO-Peanut model can be used
for developing appropriate adaptation and management
strategies under future impact of climate change.
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