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Abstract
Sorghum (Sorghum bicolor L.) is well-known to adapt to stressful environmental con-

ditions. However, yield variability of sorghum has not been thoroughly investigated

for different growing conditions in a subtropical climate. The overall goal of this

study was to identify yield potential and management options for sorghum production

in the southeastern United States. Specific objectives were to calibrate and evaluate

the Cropping System Model (CSM)–CERES–Sorghum model with sorghum variety

trial data and to apply the model for determining hybrid performance as a function

of sowing date for different environments in Georgia. The model was calibrated and

evaluated with data for six grain sorghum hybrids from 31 variety trials conducted

in Georgia and Florida. Following calibration and evaluation, the model was used to

simulate grain yield of the six hybrids in response to seven sowing dates under rainfed

and irrigated conditions at 10 locations in Georgia using 40 yr of historical weather

data. The results indicate that normalized root mean square error (RMSEn) between

simulated and observed yield for the six hybrids ranged from 1.4 to 19% for model

calibration and from 12 to 28% for model evaluation, suggesting that the model can

be calibrated and evaluated using limited data from variety trials. For the long-term

scenarios, differences in simulated grain yield were found for hybrids, sowing dates,

and locations under both rainfed and irrigated conditions. This demonstrated that the

CSM–CERES–Sorghum model can be used to investigate the effects of climate vari-

ability on crop yield and to develop management practices for optimizing sorghum

production.

Abbreviations: CSM, Cropping System Model; DSSAT, Decision Support

System for Agrotechnology Transfer; GDD, growing degree day; IQR,

interquartile range; LAI, leaf area index; RMSEn, normalized root mean

square error

© 2021 The Authors. Agronomy Journal © 2021 American Society of Agronomy

1 INTRODUCTION

Sorghum (Sorghum bicolor L.) has been used widely for pro-

viding food, feed, fiber, and fuel (Rao et al., 2016; Sabal-

los, 2008). In comparison to maize (Zea mays L.), sorghum

can better withstand drought and heat stresses and can more

easily adapt to various environmental conditions (Farre &
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Faci, 2006; Zegada-Lizarazu et al., 2012). For instance, under

water-limited conditions, sorghum produces more biomass

and grain yield compared to maize (Farre & Faci, 2006).

Considering their similar end-use purposes, sorghum is able

to replace maize under unfavorable conditions. Despite the

adaptability of sorghum to environmental variability, there is

still a need to develop best management practices for sorghum

under different production conditions. The development of

best management practices requires conducting experiments

for a range of management factors, such as hybrid selection,

sowing date, and irrigation, over multiple years and for dif-

ferent environments. However, such field experiments can be

very resource-intensive and time consuming and may not pro-

vide recommendations in a timely manner. Alternatively, crop

growth, development, and yield can be simulated over a range

of growing conditions using crop models, which can then be

used to develop best management practices for specific envi-

ronments (Baumhardt & Howell, 2006; Hammer et al., 2014;

Mauget et al., 2020; Tsuji et al., 1998; White et al., 2015).

The Cropping System Model (CSM)–CERES–Sorghum of

the Decision Support System for Agrotechnology Transfer

(DSSAT) (Hoogenboom et al., 2019; Jones et al., 2003; White

et al., 2015) has been widely used for simulating sorghum

production (Amouzou et al., 2018; MacCarthy et al., 2010;

Mauget et al., 2020; Singh et al., 2014). The model enables

the calibration of genotypic coefficients that are specific to

each hybrid for defining crop growth, development, and yield

(Table 2) (Hunt & Boote, 1998; White et al., 2015). Varia-

tion in grain yield among sorghum hybrids is related to dif-

ferences in their physiological characteristics, for example,

maturity group, plant architecture, and resource allocation to

contribute to grain filling, and can be characterized in the

CSM–CERES–Sorghum model (Baumhardt & Howell, 2006;

Gambin & Borras, 2012; Hunt & Boote, 1998; Wade & Dou-

glas, 1990). Following calibration of the model, the perfor-

mance of sorghum can be simulated for various hybrids, envi-

ronments, and management scenarios to understand the Geno-

type × Environment × Management interaction (G×E×M)

effects on yield (Amouzou et al., 2018; Kothari et al., 2019;

MacCarthy et al., 2010; Mauget et al., 2020; Singh et al., 2014;

Tsuji et al., 1998).

The southeastern United States is subject to climate vari-

ability associated with the interannual fluctuation of the

atmosphere–ocean system in the equatorial Pacific or El Niño-

Southern Oscillation (ENSO) (AgroClimate, 2020; Fraisse

et al., 2006; Garcia y Garcia et al., 2010; Mourtzinis et al.,

2016; Paz et al., 2007). Georgia and especially southern Geor-

gia is affected by ENSO and it has a wide range in environ-

mental variability due to its spatially variable soils and the

spatial and temporal variability of weather (Bao et al., 2017;

Perkins et al., 1982, 1986; Salazar et al., 2012). In this region,

irrigation and sowing dates are among the most important

management practices in crop production. Despite the some-

Core Ideas
∙ CSM–CERES–Sorghum model can be calibrated

and evaluated using limited data from variety trials.

∙ Locations, hybrids, and sowing dates contributing

to high sorghum yield can be identified.

∙ The model can be used to study climate variability

impacts and develop management practices.

times large amount of seasonal precipitation, there are still fre-

quent dry spells and intermittent droughts that can cause yield

loss if supplemental water through irrigation is lacking (Bao

et al., 2017; Salazar et al., 2012). A suitable sowing window

can minimize the gap between yield potential and the attain-

able yield (Mauget et al., 2020). For instance, crop production

of sweet sorghum and maize was reduced with delayed sow-

ing dates and differed among hybrids in southeastern United

States and Brazil (Erickson et al., 2011; Soler et al., 2007).

However, compared with early sowing dates, simulated grain

yield from late sowing was greater in rainfed sorghum in the

southwestern United States because it coincided with water

availability during the critical growth phases, especially grain

filling (Mauget et al., 2020). By adjusting the sowing date,

a crop can reach timely maturity and can avoid unfavorable

environments, especially droughts, during critical periods for

yield formation during the growing season (Mauget et al.,

2020; Soler et al., 2007).

Considering its tolerance and adaptation to environmen-

tal variability, sorghum can produce a relatively stable yield

under different environmental conditions and in response to

various management practices. However, sorghum yield vari-

ability in the southeastern United States so far has seldom

been studied for multiple environments (e.g., different loca-

tions and multiple growing seasons) and in response to dif-

ferent management practices. Likewise, favorable conditions

for high grain yield and low risk in yield loss have been rarely

identified. Our hypothesis is that dynamic crop models can

be complementary to variety trials to help provide guidance

for selecting optimum management practices, especially as it

relates to planting date selection for different hybrids. The

objectives of the current study were, therefore, to determine

the feasibility of using data from variety trials for calibration

and evaluation of the CSM–CERES–Sorghum model and to

estimate grain yield of sorghum for a range of sowing dates

under rainfed and irrigated conditions, which would facilitate

the evaluation of the risk in yield loss under environmental

variability and different management practices.
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F I G U R E 1 Locations of the variety trials and long-term

simulations in Georgia and Florida

2 MATERIALS AND METHODS

2.1 Data collection

The data used in this study were obtained from the variety

trials for rainfed and irrigated grain sorghum conducted in

Griffin (33.26 ˚N, 84.28 ˚W), Plains (32.05 ˚N, 84.37 ˚W),

and Tifton (31.49 ˚N, 83.53 ˚W) in Georgia, and Marianna

in Florida (30.85 ˚N, 85.16 ˚W) (http://www.swvt.uga.edu/)

(Table 1, Figure 1). The soil information and profile char-

acteristics for these four locations were obtained from the

soil surveys conducted by Perkins et al. (1982, 1986) and

the Natural Resources Conservation Services (NRCS) of the

United States Department of Agriculture (USDA). The soil

types were a Cecil sandy clay loam (fine, kaolinitic, thermic

Typic Kanhapludult) for Griffin, a Faceville sandy loam (fine,

kaolinitic, thermic Typic Kandiudult) for Plains, a Tifton

loamy sand (fine-loamy, kaolinitic, thermic Plinthic Kandi-

udult) for Tifton, and a Norfolk sandy loam (fine-loamy,

kaolinitic, thermic Typic Kandiudult) for Marianna. Soil pro-

files were created using the soil utility program SBuild in

DSSAT (ver. 4.7) (Hoogenboom et al., 2014) by importing the

http://www.swvt.uga.edu/
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soil profile information from each location. The daily maxi-

mum and minimum air temperature, rainfall, and solar radia-

tion were obtained from the Georgia Automated Environmen-

tal Monitoring Network (GAEMN, www.georgiaweather.net;

Hoogenboom, 1993) and the Florida Automated Weather Net-

work (FAWN, https://fawn.ifas.ufl.edu/).

Variety trials were conducted for both early and late sow-

ing dates in Griffin from 2001 to 2005, in Plains from 2000

to 2003, in Tifton from 2001 to 2006, and in Marianna from

2003 to 2006 (Table 1). The seeding population ranged from

24.7 to 37.1 seeds m–2, and row spacing was 76 cm in Griffin,

Plains, and Tifton, and 91 cm in Marianna. The reported dates

and irrigation quantity for each trial were also retrieved, and

irrigation was applied via pivot irrigation systems.

Grain sorghum hybrids, Pioneer 83G66, DKS54-00,

DKS51-90, A571, NK8416, and NK8828 were selected based

on data availability from the variety trials (Table 1). The traits

that were recorded for the variety trials included anthesis and

harvest dates and grain yield. Anthesis dates were defined as

50% of plants at bloom in each plot. Since no observed matu-

rity days were available, harvest dates were used as maturity

dates. Grain yield was reported at 14% of moisture, which was

converted to dry mass for model calibration and evaluation.

A field experiment with the hybrid Pioneer 83G66 was con-

ducted in Tifton, GA (31.49 ˚N, 83.53 ˚W), during the grow-

ing season of 2012. The experimental plots were established

with three replicates on 24 May 2012. The row spacing was

91 cm with a seeding population of 21.5 seeds m–2. Irriga-

tion was applied via a center pivot system, and the plots were

harvested on 12 Sept. 2012. In addition to anthesis and matu-

rity dates, one representative plant from each plot was har-

vested every 2 wk until the final harvest. The leaf area was

measured using a leaf area meter (model LI-3100, LI-COR),

while the leaf area index (LAI) was calculated by multiplying

the leaf area for each plant by the number of plants per m2.

The sample plants from each harvest were dried in an oven at

70 ˚C until constant weight was achieved to estimate above-

ground biomass.

2.2 Model calibration and evaluation

Model calibration and evaluation were conducted by com-

paring model simulations with observations (Table 1). Culti-

var coefficients were adjusted to minimize the error between

simulations and observations. The CSM–CERES–Sorghum

model has 11 cultivar coefficients that define the growth

and development characteristics of a grain sorghum hybrid

(Table 2). In this study, six cultivar coefficients, that is,

P1, P2O, P2R, P5, G1, and G2 were calibrated. Cul-

tivar coefficients of P2, PANTH, P3, P4, and PHINT

were set as default at 102, 617.5, 152.5, 81.5, and 49,

respectively.

In the model calibration procedure, parameters were cal-

ibrated using the Genotype Coefficient Calculator (GEN-

CALC) in DSSAT (ver. 4.7) with the designated dataset

(Table 1). The process of anthesis is controlled by the P1,

P2O, and P2R coefficients, which are grouped for the calcu-

lation. In GENCALC, the cultivar coefficients of a genotype

are estimated by running the model with approximate coef-

ficients and comparing the model outputs to observed data

(Anothai et al., 2008; Hunt et al., 1993). For each succes-

sive run of GENCALC, the selected coefficients were auto-

matically inserted into the simulation runs and the proce-

dure was repeated until the simulated anthesis dates were

similar to the observed anthesis dates (Buddhaboon et al.,

2018). When the normalized root mean square error (RMSEn)

(Equation 2) reached its lowest value, ideally lower than

5%, the calibration of the coefficients for a particular tar-

get trait was ended and switched to the calibration of the

next target trait by updating the calibration rules for that

specific trait. The use of RMSEn is superior to root mean

square error (RMSE) (Equation 1) for determining the good-

ness of fit for multiple target traits (Anothai et al., 2008),

as RMSE only represents the deviation between the simu-

lated and measured values of different target traits. Matu-

rity is controlled by the coefficient P5, and the calibration

was the same as the process of coefficients controlling the

anthesis date.

Grain yield is influenced by coefficients G1 (associated

with leaf size) and G2 (partitioning of assimilates to the pani-

cle). The calibration of coefficient G2 was the same as the pro-

cess of coefficients controlling anthesis and maturity dates.

Considering that there were no observed data available for

LAI, the G1 coefficient was calibrated using the Sensitivity

Analysis program of DSSAT and setting the initial value at

1.0, with the target of final grain yield. The coefficient G1 was

incremented by 1.0 until the simulated grain yield fell into a

reasonable range. Then, G1 coefficient was adjusted by 0.5

until the simulated and measured grain yields were matched

visually. Since the G1 and G2 coefficients interactively influ-

ence grain yield, the calibrated G1 coefficient was incorpo-

rated into the calibration of the G2 coefficient in the GEN-

CALC program.

The accuracy of the procedure for evaluating the generated

cultivar coefficients was determined by comparing simulated

and observed values using the determination coefficient (R2,

Equation 3) and RMSEn (Equation 2) (Anothai et al., 2008).

The R2 was obtained from the linear regression between the

simulated and observed values. A high value of R2 and a low

value of RMSEn indicate goodness of fit between the simu-

lated and observed values (Anothai et al., 2008).

Calibrated cultivar coefficients were evaluated against

independent datasets from variety trials and the growth exper-

iment (Table 1). The Index of Agreement (d-stat, Equation 4)

and RMSEn were used to evaluate the agreement between

http://www.georgiaweather.net
https://fawn.ifas.ufl.edu/
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simulated and observed values (Willmott et al., 1985). The d-

stat ranges from 0 to 1 and the best fit is with the index close

to 1. The simulation is considered excellent with an RMSEn

lower than 10%, good if RMSEn is between 10 and 20%, fair if

RMSEn is between 20 and 30%, and poor if RMSEn is greater

than 30% (Equation 2) (Soler et al., 2007; Yang et al., 2014).

RMSE =

√∑𝑛

𝑖=1
(
𝑃𝑖 − 𝑂𝑖

)2
𝑛

(1)

RMSEn = RMSE × 100
𝑂̄

(2)

𝑅
2 =

∑𝑛

𝑖=1
(
𝑃𝑖 − 𝑃 )(𝑂𝑖 − 𝑂̄

)√∑𝑛

𝑖=1
(
𝑃𝑖 − 𝑃

)2∑𝑛

𝑖=1
(
𝑂𝑖 − 𝑂̄

)2 (3)

𝑑 − 𝑠𝑡𝑎𝑡 = 1 −
∑𝑛

𝑖 = 1
(
𝑃𝑖 − 𝑂𝑖

)2∑𝑛

𝑖 = 1
(||𝑃𝑖 − 𝑂̄|| + ||𝑂𝑖 − 𝑂̄||)2 (4)

where n is the number of observations; 𝑃𝑖 is the simulated

value for the ith measurement; 𝑂𝑖 is the observed value for the

ith measurement; 𝑃 is the overall mean of simulated values;

and 𝑂̄ the overall mean of observed values.

2.3 Long-term simulation scenarios

Following calibration and evaluation, the model was used to

predict yield under both irrigated and rainfed conditions using

long-term historical weather data from 1966 to 2005 for four

regions in Georgia. The selection of this period was due to

the availability of long-term weather data for 10 locations in

Georgia that represent the Research and Education Centers

of the University of Georgia Agricultural Experiment Station.

From North to South, Calhoun represents the Limestone Val-

ley; Blairsville represents the Blue Ridge Mountains; Athens,

Watkinsville, Griffin, Eatonton represent the Piedmont; and

Midville, Plains, Tifton, and Camilla represent the Coastal

Plain (Figure 1). The average maximum and minimum tem-

perature, rainfall, and solar radiation during the growing sea-

son from 1966 to 2005 for the 10 locations are presented in

Table 3. The simulation was conducted using seven sowing

dates, that is, 15 April, 1 May, 15 May, 1 June, 15 June, 1 July,

and 15 July, to cover the possible sowing window in Georgia

and to determine the yield response of each hybrid to sow-

ing date. For this analysis, the most common soil type was

used for each location, including an Etowah loam (fine-loamy,

siliceous, semiactive, thermic Typic Paleudult) for Calhoun,

a Bradson clay loam (clayey, parasesquic, mesic Typic Hap-

ludult) for Blairsville, a Cecil sandy clay loam for Athens,

Watkinsville, Eatonton, and Griffin, a Faceville sandy loam

for Plains, and a Tifton loamy sandy for Midville, Tifton, and

Camilla (Bao et al., 2017; Perkins et al., 1982, 1986). In the

simulation, initial soil condition was assumed at 100% of plant

available water, and N was applied at 100 kg N ha–1 at pre-

sowing, 75 kg N ha–1 at 30 d and 75 kg N ha–1 at 60 d after

sowing, which was similar to the crop management of the vari-

ety trials. Under irrigated conditions, a fixed amount of 25 mm

was applied whenever the irrigation threshold was below 60%

of plant available water in the top of the soil profile (Salazar

et al., 2012). Soil organic matter mineralization was simu-

lated using the CERES-Goodwin method (Godwin & Singh,

1998), and potential evapotranspiration was simulated using

the Priestley-Taylor (1972) method.

An ANOVA (one-way ANOVA) was conducted to deter-

mine whether simulated grain yield was affected by sorghum

hybrid, location, and sowing date. Multiple comparisons were

conducted when the p value was <.05. All statistical analyses

were conducted using R 3.6.0 (R Core Team, 2018).

3 RESULTS

3.1 Calibration of cultivar coefficients

The phenology and growth coefficients of the CSM–CERES–

Sorghum model were calibrated for six sorghum hybrids

(Table 4). The P1 coefficient (thermal time from seedling

emergence to the end of the juvenile phase) was similar among

hybrids with a narrow range from 205 to 227 GDD, except

for the hybrid DKS54-00 that had a higher P1 of 282 GDD.

The values for the P2O coefficient (critical photoperiod or the

longest day length at which development occurs at a maxi-

mum rate) ranged from 12.6 to 13.4 h. The P2R coefficient

(extent to which phasic development leading to panicle initi-

ation is delayed for each hour increase in photoperiod above

P2O) ranged from 14.4 to 16.3 GDD. The values for the P5

coefficient (thermal time from beginning of grain filling to

physiological maturity) ranged from 657 GDD for the hybrid

NK8416 to 789 GDD for the hybrid Pioneer 83G66. The G2

coefficient (scaler for partitioning of assimilates to the pan-

icle) ranged from 4.07 to 6.90. The values for the G1 coef-

ficient (scaler for relative leaf size) ranged from 5.00 for the

hybrid DKS51-90 to 15.0 for the hybrid NK8416.

Simulated grain yield was compared with observed yield

for each hybrid (Table 5). For hybrids DKS51-90, A571,

NK8416, and NK8828, simulated yield was very similar to the

observed yield (with the average difference below 0.1 t ha–1).

Grain yield was slightly underestimated for hybrids DKS54-

00 and Pioneer 83G66. The slope of linear regression of simu-
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F I G U R E 2 Observed vs. simulated grain yield for model

calibration and evaluation based on the variety trial data of six grain

sorghum hybrids conducted in Georgia and Florida from 2000 to 2006.

For model calibration, y = 0.795x+1.04, R2 = .727, d = 0.919,

RMSEn = 16.2%. For model evaluation, y = 0.909x+0.474 R2 = .626,

d = 0.852, RMSEn = 24.1%. In each figure, the line is 1:1

lated and observed yield ranged from 0.695 for hybrids A571

and Pioneer 83G66 to 1.41 for the hybrid NK8416, while the

hybrid DKS51-90 had a slope (0.947) closest to 1 among the

six hybrids. The value for R2 ranged from .409 for the hybrid

NK8828 to 1.00 for the hybrid DKS51-90, while the d-stat

ranged from 0.785 for the hybrid NK8828 to 0.999 for the

hybrid DKS51-90. The RMSEn ranged from 1.44% for the

hybrid DKS51-90 to 23.5% for the hybrid NK8828. When

combining all data for different hybrids for model calibration,

the slope of linear regression was 0.795 with a value for R2 of

.727, while the d-stat was 0.919 and the RMSEn was 16.2%

(Figure 2).

3.2 Model evaluation

For model evaluation, simulated grain yield was compared

with observed values from an independent set of variety trial

data (Table 5). For the hybrid NK8828, the simulated yield

was very similar to the observed yield. For the hybrid DKS51-

90, grain yield was slightly overestimated, while it was under-

predicted for the other four hybrids. The slope of the linear

regression ranged from 0.679 for the hybrid NK8416 to 1.21

for the hybrid NK8828, while the hybrid DKS54-00 had a

slope of 0.952 that was closest to 1 among the six hybrids. The

value for R2 ranged from .528 for the hybrid Pioneer 83G66 to

.820 for the hybrid A571, and the value for d-stat ranged from

0.842 for the hybrid Pioneer 83G66 to 0.936 for the hybrid

A571. The RMSEn ranged from 11.8% for the hybrid NK8416

to 28.4% for the hybrid NK8828. When combining the set of

data for all six hybrids for model evaluation, the slope of lin-

ear regression was 0.909 with the R2 value of .626. The d-stat

was 0.852, and the RMSEn was 24.1% (Figure 2).

Using the genetic coefficients derived from the variety trial

data (Table 4), the model was used to simulate crop growth of

the hybrid Pioneer 83G66 for the growth analysis experiment

conducted in Tifton in 2012 (Table 1). The LAI and above-

ground biomass that were collected during the growing sea-

son were compared with the observed values. For LAI, the

d-stat was 0.986 and the RMSEn was 7.95% (Figure 3a). For

aboveground biomass, the d-stat was 0.939 and the RMSEn

was 26.9% (Figure 3b).

3.3 Long-term simulation scenarios

Under rainfed conditions, simulated grain yield in the Blue

Ridge Mountains (i.e., 5.42 t ha–1 at Blairsville) was the high-

est, followed by the Limestone Valley (i.e., 4.84 t ha–1 at Cal-

houn) and the Coastal Plain, including Camilla (4.14 t ha–1),

Plains (4.03 t ha–1), Tifton (4.02 t ha–1), and Midville

(3.85 t ha–1) (Figure 4). The lowest grain yield was simulated

in the Piedmont, including Watkinsville (2.86 t ha–1), Athens

(2.83 t ha–1), and Eatonton (2.78 t ha–1). Despite the higher

mean grain yield, yield variability at Blairsville was the high-

est with the distance between the 75th and 25th percentiles

(i.e., interquartile range [IQR]) of 4.46 t ha–1. For the low-

yielding locations in the Piedmont, the IQR of simulated grain

yield ranged from 1.86 to 1.98 t ha–1.

Simulated grain yield under rainfed conditions generally

decreased with delayed sowing dates (Figure 4). For the Blue

Ridge Mountains (i.e., Blairsville), simulated grain yield with

the sowing date of 15 May was greater than the other sow-

ing dates, while sowing sorghum before mid-May was asso-

ciated with high yield variability (the IQR ranged from 3.60

to 4.61 t ha–1) and possibly subject to a high risk for seasons

with a low yield. For the Limestone Valley (i.e., Calhoun),

the Piedmont (i.e., Athens, Watkinsville, Eatonton, Griffin),

and Plains, sorghum planted between 15 April and 15 May

(the IQR ranged from 2.03 to 4.06 t ha–1) had a higher grain

yield than the sowing dates of 1 and15 July (the IQR ranged
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F I G U R E 3 (a) Simulated and observed leaf area index (LAI) and

(b) aboveground biomass as a function of days after sowing for the

grain sorghum hybrid Pioneer 83G66 for the experiment conducted in

Tifton, GA, in 2012 (Table 1)

from 1.08 to 2.05 t ha–1). For the Coastal Plain (e.g., Midville,

Tifton, and Camilla), grain sorghum planted on 1 and 15 July

(the IQR ranged from 1.49 to 2.03 t ha–1) had a lower grain

yield than the sowing dates between 15 April and 1 June (the

IQR ranged from 2.01 to 3.18 t ha–1). Rainfed sorghum with

early sowing dates produced high grain yields but they were

associated with a large yield variability (i.e., IQR).

Under irrigated conditions, the highest simulated grain

yield was in Griffin (7.27 t ha–1), followed by Cal-

houn (7.00 t ha–1), Watkinsville (6.97 t ha–1), Blairsville

(6.82 t ha–1), and Eatonton (6.81 t ha–1); the lowest grain

yield was for Plains (5.76 t ha–1) (Figure 5). In addition to

the higher mean grain yield, the yield variability for Griffin

was among the smallest with an IQR of 2.17 t ha–1. By con-

trast, the IQR of simulated grain yield at Blairsville was the

highest at 5.47 t ha–1. For the other locations, the IQR ranged

from 2.13 t ha–1 for Plains to 2.72 t ha–1 for Calhoun.

Simulated grain yield under irrigated conditions signifi-

cantly decreased with delayed sowing dates (Figure 5). Sim-

ulated grain yield for the sowing dates of 15 and 1 July was

below the 25th percentile for all 10 locations. For Blairsville,

simulated grain yield with the sowing date of 1 May was

higher than 15 April, and the IQR ranged from 1.15 for the

15 July sowing date to 2.20 t ha–1 for the 15 April sowing

date. For the other nine locations, the IQR for each sowing

date was <2.0 t ha–1.

Under both rainfed and irrigated conditions, the hybrids

DKS51-90, NK8416, and Pioneer 83G66 had a higher sim-

ulated grain yield than the hybrids NK8828 and DKS54-

00 for all 10 locations and seven sowing dates (Figures 4

and 5). The higher grain yield potential of the hybrids DKS51-

90, NK8416, and Pioneer 83G66 agrees with their high val-

ues of G2 that controls assimilate allocation to reproductive

growth (Table 4). Under irrigated conditions, hybrid DKS54-

00 exhibited a IQR of 1.51 t ha–1, and for the other five

hybrids, the IQR ranged from 2.38 t ha–1 for hybrid NK8828

to 3.33 t ha–1 for hybrid Pioneer 83G66. Under rainfed con-

ditions, the IQR ranged from 2.62 to 2.74 t ha–1 for the

six hybrids.

4 DISCUSSION

Our results indicate that the CSM–CERES–Sorghum model

can be calibrated and evaluated using limited data from vari-

ety trials that were conducted at multiple locations over sev-

eral growing seasons. The RMSEn between the simulated and

observed grain yield ranged from 1.4 to 19% for model cal-

ibration and from 12 to 22% for model evaluation, except

for the hybrid NK8828 (Table 5), suggesting a good match

between simulated and observed yield (Soler et al., 2007). The

hybrid NK8828 exhibited larger discrepancies between simu-

lated and observed grain yield, which probably resulted from

a smaller dataset that was available for model calibration and

evaluation compared to the other hybrids.

For the long-term scenarios, variability (i.e., IQR) of the

simulated grain yield under rainfed conditions was large

(Figure 4), suggesting a larger year-to-year variation in

weather variables, mostly due to the annual variation for the

rainfall amount and distribution (Table 3). In contrast, the

IQRs were smaller under irrigated conditions as irrigation

removes the variability due to rainfall (Figure 5). Additionally,

simulated grain yield in the Piedmont was among the lowest

under rainfed conditions, but the highest under irrigated con-

ditions (Figures 4 and 5). Thus, applying irrigation signifi-
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F I G U R E 4 Simulated grain yield for the six grain sorghum hybrids under rainfed conditions from 1966 to 2005 for 10 locations in Georgia.

The dashed lines indicate the 25th and 75th percentiles of simulated grain yield at each location across all hybrids and sowing dates. The lower and

upper ends of the box indicate the 25th and 75th percentiles of grain yield, respectively, and the line inside the box indicates the median. The lower

and upper whiskers represent the lower and upper 25% of grain yield, respectively

cantly reduces the impact of rainfall variability and ensures

a higher crop yield. Simulated grain yield in the Limestone

Valley (e.g., Blairsville) and Blue Ridge Mountains (e.g., Cal-

houn) was among the highest under both rainfed and irrigated

conditions (Figures 4 and 5). The high grain yield for these

two regions could be related to the lower daily maximum air

temperature that results in less heat stress (Table 3) (Manunta

& Kirkham, 1996; Prasad et al., 2015). The soil textures at

Blairsville and Calhoun are clay loam and loam, respectively,

which have more plant available water than the sandy clay

loam in the Piedmont, and the sandy loam and loamy sand

in the Coastal Plain (Liang et al., 2016; Perkins et al., 1982,

1986). These fine textures enable the soil to store more mois-

ture rather than draining rapidly out of the root zone after rain-

fall and irrigation inputs, which maintains crop growth during

dry spells between rainfall and/or irrigation events. However,

we need to acknowledge the limitations in our simulations that

only one soil type was used at each location, which might not
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F I G U R E 5 Simulated grain yield for six grain sorghum hybrids under irrigated conditions from 1966 to 2005 for 10 locations in Georgia. The

dashed lines indicate the 25th and 75th percentiles of simulated grain yield at each location across all hybrids and sowing dates. The lower and upper

ends of the box indicate the 25th and 75th percentiles of grain yield, respectively, and the line inside the box indicates the median. The lower and

upper whiskers represent the lower and upper 25% of grain yield, respectively

be representative of all soil types in a certain region. The crop

yield may be subject to change in simulations using a different

soil type, especially under rainfed conditions.

Simulated grain yield generally decreased with a delay in

sowing for both rainfed and irrigated conditions (Figures 4

and 5), suggesting that late sowing dates increase the risk

of low grain yield. For the latest sowing dates, that is, 1

and 15 July, the anthesis phase ranged from late August

to mid-September. Daily solar radiation gradually declined

from August to September (Table 3), which decreases the

crop growth rate and assimilate accumulation for yield for-

mation (Muchow et al., 1990; Seshu & Cady, 1984). Besides

solar radiation, daily minimum temperature also decreased in

September (Table 3). Low temperatures (e.g., 13–15 ˚C) dur-

ing flowering are reported to significantly reduce the number

of grains per panicle and hence grain yield (Maulana & Tesso,

2013). Furthermore, for late planting dates, sorghum might

not reach physiological maturity before the occurrence of the



2604 LIANG ET AL.

first fall freeze (Mauget et al., 2020). Delayed sowing sorghum

could be even worse for more northern locations in Georgia

such as the Limestone Valley and the Blue Ridge Mountains

that have earlier first frost dates compared to the other regions

of Georgia and Florida.

Early sowing, for example, before 1 May, is susceptible to

total yield loss under extreme weather conditions and asso-

ciated with a large year-to-year variability (Figure 4–5). For

instance, for Blairsville, the lowest grain yield was simulated

when planted on 15 April in 1976, 1977, 1979, 1984, 1988,

and 2002, as well as on 1 May in 1979, 1984, and 1988

(Figures 4 and 5). Simulated grain yield was also close to zero

for the 15 April sowing date in 2003 at Calhoun. The failure

in grain production for early sowing in these years could be

due to low temperatures below the Tbase, which causes a slow

development rate and a low crop growth rate. This results in

small LAI and aboveground biomass production, and thus a

significant reduction in grain filling (Maulana & Tesso, 2013;

Maulana et al., 2017; Yu et al., 2004). Therefore, a high yield

could be achieved via adjusting sowing dates. Early sowing

dates in mid-April are more suitable for the southern regions

in Georgia, whereas postponing sowing until early May could

reduce the risk of yield loss due to early-season low temper-

atures in northern areas (e.g., the Limestone Valley and Blue

Ridge Mountains).

Some sorghum hybrids, that is, DKS51-90, NK8416, and

Pioneer 83G66 had a high simulated yield under both rain-

fed and irrigated conditions (Figures 4 and 5). This could be

attributed to their higher values for the G2 cultivar coefficient

that controls the allocation to reproductive growth, resulting

in a higher grain yield potential (Table 4) (Adam et al., 2018).

Despite differences in grain yield among the six hybrids that

were tested in this study, they are generally high-yielding

hybrids in Georgia, Texas, and the mid-Atlantic area, for

example, Virginia, South Carolina, and North Carolina, and

have a medium to late maturity (State Grain Sorghum Hybrid

Yield Performance Results of 2010 and State Grain Sorghum

Hybrid Yield Performance Results of 2013). Late-maturity

hybrids are more suitable for favorable environments such as

irrigated conditions and early sowing dates (Baumhardt &

Howell, 2006; Wade & Douglas, 1990), which enable these

hybrids to approach their yield potential with sufficient ther-

mal time and little impact of drought stress during their repro-

ductive growth. That could explain the large variation in grain

yield under rainfed conditions and the low yield from delayed

sowing dates of the current study (Figures 4 and 5). On the

other hand, early-maturity hybrids may be superior in environ-

ments subject to drought stress, for example, rainfed and dry-

land, and may complete grain filling prior to severe drought

stress later during the growing season when grain filling

occurs (Wade & Douglas, 1990). Hybrid selection should thus

consider the compatibility with environmental conditions and

management practices.

Our study exhibited sorghum yield variability in the

southeastern United States and identified the potential loca-

tions, hybrids, and sowing dates that can obtain a high

sorghum yield under either rainfed or irrigated conditions.

The results demonstrate a model-based approach for estimat-

ing the impact of climate variability on crop production as

well as optimizing management practices for improving crop

yield and reducing risks of yield losses. Such approaches

could also be applied to other crops and crop production

in other areas and assist in decision making to optimize

farming outcomes.
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