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ABSTRACT 

	Sorghum (Sorghum bicolor L.) is an important staple crop for food-insecure populations across semi-arid and sub-humid tropics. The objective of this study was to calibrate and validate the CERES-Sorghum model (DSSAT v4.8.2) for improved summer sorghum varieties under different sowing dates in South Gujarat conditions and to assess its simulation accuracy for phenology and yield. .A comprehensive field experiment was conducted during the summer season of 2023 on the college farm of Navsari Agricultural University, Navsari, Gujarat (20°57′ N, 72°54′ E), to calibrate and validate the CERES-sorghum module of DSSAT v4.8.2 for three improved summer sorghum varieties (V1 = GJ-42, V2 = GJ-44 and V3= GNJ-1) under three different sowing dates (15th January, 31st January and 15th February) using a split-plot design with four replications. The CERES model was calibrated using the GLUE (Generalized Likelihood Uncertainty Estimation) algorithm to derive variety-specific genetic coefficients. Calibration results revealed differences between observed and simulated parameters consistently below 10% error. Independent field experimental data from 2017 and 2022 from Main Sorghum Research Station, Surat were used for rigorous validation. The model simulated 50% flowering and physiological maturity with percentage errors of 2.86% and -0.92%, respectively, in validation. For yield characters, grain yield and dry fodder yield expressed 1.70% and -7.19% error. Across both calibration and validation phases, root mean square error (RMSE) and normalized RMSE (nRMSE) metrics confirmed excellent model performance (PE < 10%, nRMSE < 10%). Regression analysis showed strong correspondence between observed and simulated values (R² > 0.92). The CERES-Sorghum model demonstrated excellent simulation capability for phenological stages, biomass and yield attributes, making it a robust tool for climate change impact assessment, optimal sowing date determination, irrigation scheduling and natural resource management applications in the South Gujarat heavy rainfall zone and similar agro-ecological regions. 
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1. INTRODUCTION

Sorghum (Sorghum bicolor L. Moench) is the fifth most important cereal crop globally, with approximately 37.6 million hectares cultivated worldwide (FAO, 2024). In India, sorghum is known as "Jowar" and serves multiple purposes including direct human consumption, animal feed, brewing and biofuel production (Obady et al., 2022). The crop is recognized as a "drought tolerant" due to its exceptional tolerance to heat stress, intermittent drought and soil salinity-characteristics increasingly important under climate change scenarios. Approximately 3.75 million hectares are under sorghum cultivation in India, producing approximately 4.00 million tonnes with average productivity of 1100 kg ha⁻¹ during 2023-2024 (Anonymous, 2024a). In Gujarat state, sorghum is predominantly cultivated during the summer (March-July) and post-monsoon (October-January, locally called Rabi) seasons. During summer 2024, sorghum occupied 0.04 million hectares with an average productivity of 1336 kg ha⁻¹. South Gujarat, characterized by heavy rainfall (1800-1900 mm annually) and Vertisol soils, has emerged as an important summer sorghum production region.
Sorghum growth, development and final grain yield are highly dependent on temperature and precipitation patterns throughout the growing season (Srivastava et al., 2010). The crop requires a minimum temperature of 7-8°C for germination, with optimal growth temperature ranging from 27-32°C. Clay loam or loamy textured soils having good water retention capacity are best suited for sorghum cultivation. It can grow in the soils having pH 6.0-8.5 as it tolerates considerable salinity and alkalinity.
Crop simulation models (CSMs) are mechanistic, process-based tools that integrate weather, soil, crop genotype and management data to simulate daily crop growth and yield (Sabarinathan et al., 2021). Model calibration or parameterization is the adjustment of parameters so that the simulated values compare well with the observed ones (Harb et al., 2013). Model validation is the comparison between simulated and observed values. Validation is determining whether the model works with totally independent data sets, does it accurately predict growth and yield processes (chung et al., 2020). The CERES-Sorghum module within the DSSAT (Decision Support System for Agrotechnology Transfer) platform is one of the most widely used and validated crop simulation frameworks globally. The GLUE (Generalized Likelihood Uncertainty Estimation) algorithm employs stochastic sampling and likelihood-based optimization to efficiently search the parameter space and identify coefficient sets that produce simulated outputs within specified tolerance bands of observed field data.
2. material and methods 

2.1 Experimental Site, Design and Treatments

The field experiment for model calibration was conducted during the summer season of 2023 at Agronomy Farm, N. M. College of Agriculture, Navsari Agricultural University (NAU), Navsari, Gujarat (20°57′ N, 72°54′ E, 11.98 m above mean sea level). The experimental site is located in the South Gujarat heavy rainfall zone (Agro-ecological Situation III) characterized by subtropical to tropical climate with hot summers and high monsoon rainfall (1813 mm annually). No rainfall was received at the experimental plot during the entire summer cropping period and the crop was grown under irrigated conditions. The soil at the experimental site is a deep clayey Vertisol (Jalalpur series) with the following properties in the 0–15 cm layer: clay 64.44%, silt 22.26%, sand 12.30%, pH 7.67, electrical conductivity (EC) 0.37 dS m⁻¹, organic carbon 0.52%, low available nitrogen (236 kg ha⁻¹), medium available phosphorus (51 kg ha⁻¹) and high available potassium (354 kg ha⁻¹).
The experiment was laid out in a split-plot design with three sorghum varieties as main-plot treatments and three sowing dates as sub-plot treatments, each replicated four times, resulting in 9 treatment combinations × 4 replications = 36 plots.
Main-plot factor (Varieties, V): V₁ = GJ-42, V₂ = GJ-44, V₃ = GNJ-1
Sub-plot factor (Sowing Dates, D): D₁ = 15th January, D₂ = 31st January, D₃ = 15thFebruary



Gross plot size was 4.50 m × 3.60 m (net plot 3.60 m × 2.70 m).
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2.2 Weather and Soil Data Collection

Daily weather observations were recorded at an agro-meteorological observatory adjacent to the experimental site, managed by the Department of Agricultural Meteorological Cell, N.A.U., Navsari. Data collected included maximum and minimum temperature (°C), rainfall (mm) and solar radiation (MJ m⁻² day⁻¹). Soil samples were collected for profile characterization and DSSAT input file preparation. Data included: texture (% sand, silt, clay), bulk density (g cm⁻³), organic carbon (%), pH, extractable phosphorus (mg kg⁻¹), exchangeable potassium (mg kg⁻¹), soil water holding capacity (mm per 15 cm layer) and lower and upper depth limits for each soil horizon.
2.3 Dssat-Ceres-Sorghum Model: Calibration Framework and Genetic     Coefficient Derivation

The DSSAT (Decision Support System for Agrotechnology Transfer) model is a dynamic simulation model that can simulate the impact of climatic change on crops and detect the daily effects of weather, soil properties, management practices, genotype and cultivar (Nain and Kersebaum 2007). The main data set required to run the DSSAT model is soil, weather, crop and crop management (Iyanda et al., 2014). The Crop Environment Resource Synthesis (CERES) models are crafted to simulate how various factors like cultivar choice, planting density, weather conditions, soil moisture and nitrogen levels impact on crop growth, development and yield. The CERES model development aimed for practical applicability at both farm and regional scales, with a global reach. Key genetic coefficients include:
Table 1. Calibrated genetic coefficients of three cultivars of sorghum crop

	Genetic coefficient
	GJ-42
	GJ-44
	GNJ-1

	P1
	410.0
	370.0
	400.0

	P2
	102.0
	102.0
	102.0

	P2O
	12.5
	12.5
	12.5

	P2R
	90.0
	84.0
	84.0

	PANTH
	612.5
	612.5
	612.5

	P3
	150.5
	150.5
	150.5

	P4
	55.0
	55.0
	55.0

	P5
	720.0
	750.0
	750.0

	PHINT
	49.0
	53.0
	53.0

	G1
	20.0
	22.0
	22.0

	G2
	3.8
	7.2
	7.1













	Genetic code
	Description

	P1
	Thermal time from seedling emergence to the end of the juvenile phase (expressed in degree days above TBASE during which the plant is not responsive to changes in photoperiod)

	P2
	Thermal time from the end of the juvenile stage to tassel initiation under short days (degree days above TBASE)

	P2O
	Critical photoperiod or the longest day length (in hours) at which development occurs at a maximum rate. At values higher than P2O, the rate of development is reduced

	P2R
	Extent to which phasic development leading to panicle initiation (expressed in degree days) is delayed for each hour increase in photoperiod above P2O

	PANTH
	Thermal time from the end of tassel initiation to anthesis (degree days above TBASE)

	P3
	Thermal time from to end of flag leaf expansion to anthesis (degree days above TBASE)

	P4
	Thermal time from anthesis to beginning grain filling (degree days above TBASE)

	P5
	Thermal time from beginning of grain filling to physiological maturity (degree days above TBASE)

	PHINT
	Phylochron interval; the interval in thermal time between successive leaf tip appearances (degree days)

	G1
	Scaler for relative leaf size

	G2
	Scaler for partitioning of assimilates to the panicle (head)


Table 2. Description of genetic coefficients


2.4 Calibration and Validation of CERES Model: 

The calibration of the DSSAT CERES-Sorghum model-achieved by optimizing genotype-specific parameters and subsequently validating the model with data collected from experimental fields-demonstrated that the model effectively simulates the phenology and yield of summer sorghum. The experimental data of Navsari station comprising three dates of sowing D1: 15th January, D2: 31st January, D3: 15th February and three varieties V1: GJ-42. V2: GJ-44 and V3: GNJ-1 were used for model calibration. Crop parameter such as seed emergence day, panicle initiation, 50 per cent flowering, physiological maturity day, grain yield, dry fodder yield, harvest index, leaf area index (maximum) was simulated and develop genetic coefficients of sorghum crop were determined using the GLUE programme. Validation is the process of assessing the performance of model for predicting 50 per cent flowering, physiological maturity, grain yield, dry fodder yield. The experimental field data of the year 2017 for V1: GJ-42 and 2022 for V2: GJ-44 and V3: GNJ-1 of Main Sorghum Research Station, Surat, N.A.U., Navsari, (Gujarat) were used for CERES model validation. 
2.5 Statistical Analysis and Model Performance Evaluation
Model performance was assessed using multiple statistical metrics to comprehensively evaluate accuracy, bias and reliability:
Root Mean Square Error (RMSE)
RMSE quantifies the absolute magnitude of prediction error, with lower values indicating better model fit:

where  = number of observations,  = predicted (simulated) value,  = observed value
RMSE is expressed in the same units as the predicted variable (days for phenology, kg ha⁻¹ for yield).
Normalized Root Mean Square Error (nRMSE)
nRMSE expresses RMSE as a percentage of the mean observed value, enabling comparison across variables with different scales:


where  = mean of observed values
Model performance is classified using nRMSE thresholds: - Excellent: nRMSE < 10% - Good: 10% ≤ nRMSE < 20% - Fair: 20% ≤ nRMSE < 30% - Poor: nRMSE ≥ 30%
Percentage Error (PE)
PE is calculated as the ratio of simulated-observed difference to observed value, expressed as percentage:

[bookmark: mean-absolute-error-mae]Average PE across treatment replications indicates systematic model bias (negative = underestimation, positive = overestimation).
[bookmark: coefficient-of-determination-r²]Coefficient of Determination (R²)
R² quantifies the proportion of variance in observed data explained by simulated values, ranging from 0 (no correlation) to 1 (perfect prediction):

R² > 0.80 indicates strong model skill; R² > 0.90 indicates excellent predictive ability.
3. results and discussion

3.1 Calibration Phase Results

Days to Emergence (Days):

Timely and uniform emergence is critical for establishing proper stand density and uniformity of phenological development. Model simulation of emergence revealed slight variability across varieties and sowing dates. For GJ-42, emergence deviated by -14.3% average error with MAE of ~1 day and RMSE of 1.29 days; for GJ-44, emergence was overestimated by +12.2% with MAE ≈ 0 days and RMSE 0.82 days (exceptional accuracy due to small absolute day numbers); for GNJ-1, the model underestimated emergence by -14.3% with RMSE 1.29 days. These small absolute deviations (< 2 days) are biologically acceptable and commonly reported for warm-season crop emergence under high soil temperature conditions. The relatively large PE for emergence is an artifact of small baseline values (5-7 days); small absolute errors become magnified as percentage errors. Across varieties and sowing dates, emergence PE remained < 15%, indicating reliable model behavior for germination and early establishment phases.

Days to 50% Flowering (Days): 

Flowering represents the reproductive phase initiation and is highly sensitive to cumulative thermal time and day length. Accurate flowering prediction is critical because any deviation in flowering date cascades into errors in grain-filling duration and final yield. Table 3 and Figure 3 show that the model reproduced 50% flowering with excellent accuracy. Flowering was simulated within ±6 days of observed values across all varieties and sowing dates. PE values ranged from 2.9–4.5% (mean PE = 3.4%), with RMSE between 2.16–3.32 days, and nRMSE = 3.1–4.9%, all well within the “excellent” range (< 10%). Variety-wise performance showed: GJ-42 (PE 3.4%, RMSE 2.65 days), GJ-44 (PE 4.5%, RMSE 3.32 days), GNJ-1 (PE 2.9%, RMSE 2.16 days). GNJ-1 showed the lowest error, possibly due to less photoperiod sensitivity or closer matching of its genetic coefficients to default DSSAT parameters. The model showed a slight tendency to overestimate flowering dates by 1–3 days, consistent with findings in similar CERES-Sorghum studies in India and Brazil (Sannagoudar et al., 2019a). This systematic slight overestimation may reflect the model’s conservative parameterization of photoperiod sensitivity or minor variations in cultivar vernalization sensitivity not fully captured by the genetic coefficients. Nevertheless, errors of 2–3 days are agronomically negligible and do not compromise model utility for sowing date and climate impact assessment.

Days to Physiological Maturity (Days):

Model calibration of maturity was exceptionally precise (Table 3, Figure 3). Simulated maturity deviated from observed values by only 2.0–2.65 days (PE = 1.8–2.1%), with nRMSE = 1.8–2.4%, far exceeding the “excellent” threshold. GJ-44 achieved the best performance (PE 1.9%, RMSE 2.00 days), followed by GNJ-1 (PE 1.8%, RMSE 2.58 days) and GJ-42 (PE 2.1%, RMSE 2.65 days). This exceptional maturity prediction indicates that the calibrated genetic coefficients accurately captured variety-specific grain-filling thermal time requirements and photoperiod responses. The consistency of maturity PE across sowing dates (D1–D3) demonstrates the model’s robustness in capturing the effect of changing photoperiod on grain-filling duration as sowing is delayed from January to February. Physiological maturity is typically predicted more accurately than flowering because it is driven primarily by thermal time post-flowering with less photoperiod influence, resulting in more stable and predictable simulations.

Grain Yield (kg ha-1):

Grain yield integrates cumulative effects of all preceding phenological, biomass and partitioning processes, making it the most comprehensive test of model calibration quality. Table 3 shows that calibration grain yields were predicted with excellent accuracy. Mean PE ranged from 1.1–4.2% across varieties, with RMSE values between 40–205 kg ha⁻¹. Variety-specific performance: GJ-42 (PE 1.4%, RMSE 40.37 kg ha⁻¹), GJ-44 (PE 1.1%, RMSE 53.88 kg ha⁻¹) and GNJ-1 (PE 4.2%, RMSE 204.90 kg ha⁻¹). The higher error for GNJ-1 was primarily driven by one treatment combination (D1) where simulated yield (3804 kg ha⁻¹) exceeded observed (3454 kg ha⁻¹) by ~350 kg ha⁻¹; other D2 and D3 combinations for GNJ-1 showed PE < 1.5%. Investigation of this outlier suggested possible field measurement variation or minor differences in plant architecture not fully captured in genetic coefficients, but the overall PE remained acceptable. Across all 9 variety × sowing date combinations, PE averaged 2.2% with RMSE 99.4 kg ha⁻¹, indicating strong calibration. The close correspondence between observed and simulated yields (Figure 3) with data points clustered tightly around the 1:1 perfect prediction line demonstrates that the locally calibrated model captures regional sorghum productivity potential and sowing date effects accurately. PE < 5% for yield is considered exceptional and comparable to best-published CERES calibrations for diverse crops (Vieira et al., 2019b).

Dry Fodder Yield (kg ha-1) and Harvest Index (%):

Dry fodder (stover) yield is an important output in rainfed and semi-arid regions where crop residues provide critical feed for livestock and organic matter for soil conservation. Model calibration for dry fodder showed slight overestimation: GJ-42 (PE 7.7%), GJ-44 (PE 1.3%), GNJ-1 (PE 3.3%), with RMSE ranging 155–867 kg ha⁻¹. The highest error for GJ-42 (RMSE 867 kg ha⁻¹) reflects biomass accumulation dynamics specific to this variety, suggesting slightly elevated partitioning to vegetative organs or reduced grain-filling allocation. Such minor overestimations of stover (5–10%) are consistent with literature on CERES-based simulations and likely reflect conservative grain-filling parameters compensating for slight overestimates of total biomass (Akinseye et al., 2017).
Harvest index (HI), defined as grain yield / total biomass, showed balanced performance: GJ-42 (PE 5.20%), GJ-44 (PE 1.6%), GNJ-1 (PE 4.20%). HI values ranged 0.17–0.27, within realistic bounds for rainfed and well-managed sorghum. These results confirm that the model reasonably captures assimilate partitioning dynamics and partitioning shifts across varieties.

Table 3. Detailed Calibration Results: Phenological Events, Grain Yield, Dry fodder Yield and Harvest index

	Parameter
	Variety
	D1
(15th Jan)
	D2
(31st Jan)
	D3
(15th Feb)
	Mean PE (%)
	RMSE
	nRMSE (%)

	Emergence Day (days)
	GJ-42
	7/6
	6/6
	7/5
	14.30
	1.29
	18.7

	
	GJ-44
	6/6
	5/6
	6/5
	12.20
	0.82
	13.7

	
	GNJ-1
	7/6
	6/6
	7/5
	14.30
	1.29
	18.7

	50% Flowering (days)
	GJ-42
	73/75
	67/71
	69/70
	3.40
	2.65
	3.8

	
	GJ-44
	69/73
	64/68
	65/66
	4.50
	3.32
	4.9

	
	GNJ-1
	74/75
	68/70
	70/67
	2.90
	2.16
	3.1

	Physiological Maturity (days)
	GJ-42
	112/114
	107/108
	110/106
	2.10
	2.65
	2.4

	
	GJ-44
	111/113
	105/107
	107/105
	1.90
	2.00
	1.8

	
	GNJ-1
	113/115
	109/109
	110/106
	1.80
	2.58
	2.3

	Grain
Yield
(Kg ha⁻¹)
	GJ-42
	2382/2444
	2443/2413
	2480/2492
	1.40
	40.37
	1.6

	
	GJ-44
	3833/3921
	3355/3363
	3605/3635
	1.10
	53.88
	1.5

	
	GNJ-1
	3454/3804
	3528/3572
	3553/3592
	4.20
	204.90
	5.8

	
Dry fodder
Yield
(Kg ha⁻¹)
	
GJ-42
	
10476/11782
	
11138/11964
	
11578/12285
	
7.70
	
867.07
	
7.8

	
	GJ-44
	10332/10395
	11032/10906
	10532/10761
	1.30
	155.23
	1.5

	
	GNJ-1
	10583/10761
	11235/11060
	10406/11100
	3.30
	425.81
	3.9

	Harvest
index
	GJ-42
	18.17/17.20
	17.98/16.80
	17.64/16.90
	5.20
	0.01
	0.06

	
	GJ-44
	27.06/27.40
	23.33/23.60
	25.51/24.90
	1.60
	0.004
	0.02

	
	GNJ-1
	24.65/26.10
	23.91/24.40
	25.46/24.40
	4.20
	0.011
	0.04


*Values in format: Observed/Simulated; PE = Percentage Error; nRMSE = Normalized Root Mean Square Error; D1 = 15th January, D2 = 31st January, D3 = 15th February
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Fig. 2. Observed vs Simulated calibration showing regression analysis and perfect prediction lines

3.2 Validation Phase Results:

Model validation using independent 2017 and 2022 field data from Main Sorghum Research Station, Surat represents a stringent test of model generalization and applicability beyond the calibration environment. Table 4 and Figure 4 summarize validation results.

Table 4. Model Validation: Independent Dataset Performance (2017, 2022)

	Parameter
	Variety
	Date
	Mean PE (%)
	RMSE
	nRMSE (%)

	50% Flowering (days)
	GJ-42
	77/73
	-5.19
	4.00
	5.2

	
	GJ-44
	66/71
	7.58
	5.00
	7.6

	
	GNJ-1
	70/72
	2.86
	2.00
	2.9

	Physiological Maturity (days)
	GJ-42
	119/113
	-5.04
	6.00
	5.0

	
	GJ-44
	109/108
	-0.92
	1.00
	0.9

	
	GNJ-1
	113/109
	-3.54
	4.00
	3.5

	Grain
Yield
(Kg ha⁻¹)
	GJ-42
	2020/2095
	3.71
	75.00
	3.7

	
	GJ-44
	3453/3549
	2.78
	96.00
	2.8

	
	GNJ-1
	3423/3480
	1.70
	57.00
	1.7

	Dry fodder
Yield
(Kg ha⁻¹)
	GJ-42
	9824/10108
	2.89
	284.00
	2.9

	
	GJ-44
	12011/11148
	-7.19
	-863.00
	-7.1

	
	GNJ-1
	11780/11266
	-4.36
	-514.00
	-4.4


*Values in format: Observed/Simulated


Fig. 3. Error Analysis: Mean PE (%) and nRMSE by variety (calibration)



Fig. 4. Validation Performance: Mean PE comparison and nRMSE Classification




3.2.1. 50 % Flowering Validation (Days):

For the parameter 50% flowering, the model showed good predictive performance across all three varieties. In GJ-42, the model slightly underestimated flowering time with a Mean PE of –5.19% and an nRMSE of 5.2%, indicating fairly good accuracy. For GJ-44, the model tended to overestimate flowering time, reflected by a Mean PE of 7.58% and a moderate nRMSE of 7.6%. The best performance was observed for GNJ-1, where the Mean PE was just 2.86% and the nRMSE was 2.9%, showing excellent agreement between observed and predicted values. 
3.2.2. Physiological Maturity Validation (Days): 

In the case of physiological maturity, prediction accuracy remained high for all varieties. The model underestimated maturity days for GJ-42 with a Mean PE of –5.04% and an nRMSE of 5.0%, which still indicates good performance. For GJ-44, the Mean PE and nRMSE were extremely low (–0.92% and 0.9%, respectively), demonstrating excellent accuracy and almost negligible error. GNJ-1 also showed strong model performance with a Mean PE of –3.54% and an nRMSE of 3.5%, suggesting reliable predictions with minor underestimation. In given treatments, the simulated value of physiological maturity was underestimated by the model when compared with corresponding observed value. This result was agreed with finding of Khobragade et al. (2023) with the mean PE -9.2, -1.07 and -11.8 for Maldandi V1, Mauli V2 and Yashoda V3, respectively across different sowing windows.

3.2.3. Grain and Dry Fodder Yield Validation (kg ha-1): 

For grain yield, the model again performed very well across all varieties. In GJ-42, predictions were slightly overestimated, with a Mean PE of 3.71% and an nRMSE of 3.7%, indicating good accuracy. GJ-44 showed similarly strong performance, with a Mean PE of 2.78% and an nRMSE of 2.8%. The most accurate predictions were obtained for GNJ-1, where the Mean PE was only 1.70% and the nRMSE was 1.7%, reflecting excellent model reliability for grain yield estimation.
For dry fodder yield, the model produced reasonably accurate predictions for most varieties, although performance varied. GJ-42 showed good prediction accuracy with a Mean PE of 2.89% and an nRMSE of 2.9%. However, the model underestimated fodder yield substantially for GJ-44, resulting in a Mean PE of –7.19% and an nRMSE of –7.1%, making it the least accurate prediction among the parameters. GNJ-1 also showed some underestimation, with a Mean PE of –4.36% and an nRMSE of –4.4%, but still maintained moderate predictive reliability.

4. Conclusion

The CERES-Sorghum model within DSSAT was successfully calibrated and validated for three summer sorghum varieties (GJ-42, GJ-44, and GNJ-1) under three sowing dates (15 January, 31 January, and 15 February) in South Gujarat, India. The model accurately simulated key phenological stages, including days to 50% flowering and physiological maturity, as well as grain and dry fodder yield. Low RMSE and nRMSE values and high agreement between observed and simulated data confirmed the robustness and reliability of the model. The validated CERES-Sorghum model can be effectively used to assess sowing window suitability, optimize crop management practices, and support climate-responsive decision-making for summer sorghum production in South Gujarat and similar agro-ecological regions.
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