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Abstract   

Climate change significantly threatens pulse crop production, particularly C₃ 

crops like chickpeas, pigeonpeas, lentils and blackgram, which are highly 

sensitive to rising temperatures and erratic weather patterns. Even brief 

exposure to heat stress during critical growth stages can cause substantial yield 

losses. Integrating advanced information technologies and geospatial tools into 

agricultural decision-making is crucial to mitigate these challenges. The Decision 

Support System for Agrotechnology Transfer (DSSAT) has emerged as a powerful 

crop simulation model that aids in assessing and mitigating climate change 

impacts on pulse crops. This review explores the role of DSSAT in climate-smart 

agriculture by integrating soil, weather and crop management data for precise 

yield predictions. By simulating diverse climatic scenarios, DSSAT facilitates the 

development of adaptive strategies, including selecting heat-tolerant genotypes, 

optimizing sowing dates and improving irrigation and nutrient management. 

Moreover, DSSATs’ ability to evaluate extreme weather events such as droughts 

and heatwaves enhances its application in risk assessment and sustainable 

agricultural planning. Despite its advantages, challenges such as data 

availability, model calibration and regional specificity hinder its widespread 

adoption. Integrating DSSAT with remote sensing, Artificial Intelligence (AI) and 

Machine Learning (ML) algorithms further enhances its predictive capabilities, 

making it a more robust tool for climate-resilient pulse production. By leveraging 

DSSATs’ potential, policymakers, researchers and farmers can develop climate-

smart strategies to ensure sustainable pulse production and food security under 

changing climatic conditions. 
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Introduction   

India cultivates 28.9 million hectares of pulses, producing 26.06 million tonnes 

with a productivity rate of 902 kg/ha (Project Coordinator Report-Kharif Pulses, 

2024). Pulses are an essential component of the Indian diet and agriculture, being 

rich in proteins (25 %), carbohydrates (60 %), fat (1.5 %) and various essential 

minerals, amino acids and vitamins (1). Due to their drought tolerance, redgram 

(Cajanus cajan) and cowpea (Vigna unguiculata) are crucial for food and feed 

security, particularly in arid regions. Redgram, a C3 crop, is expected to benefit 

from rising atmospheric CO2 levels and is primarily consumed as split pulse (dal), 

with India being the worlds’ leading producer (2). Legumes are crucial in nitrogen 
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fixation, enhancing soil fertility, supporting crop rotation and 

helping in weed, pest and disease management(3). However, 

while elevated CO₂ levels may increase biomass and yield in C3 

plants, climate change remains a pressing concern, primarily 

due to global warming (4). 

 Furthermore, pulses are highly susceptible to heat 

stress, with even short-term exposure leading to significant 

yield losses (5). To address these challenges, the Decision 

Support System for Agrotechnology Transfer (DSSAT) has 

emerged as a powerful software facilitating the efficient use of 

crop simulation models for over 42 crops. DSSAT has been 

extensively used to assess climate change impacts on crop 

growth and yield, enabling the identification of adaptation 

measures to mitigate adverse effects. It has operated over 15 

years across over 100 countries (6). 

 The DSSAT model requires minimal input data, 

including daily weather data, soil surface and profile 

information, crop management data and genetic coefficients 

for pulse crops (7). It effectively estimates harvest index, total 

aboveground biomass and seed yield, considering variables 

such as tillage methods and sowing dates (8). DSSAT has been 

widely adopted and over 25000 researchers, educators, 

consultants, extension workers, farmers and policymakers 

utilize it across more than 187 countries.  

 The latest DSSAT Version 4.8.2 includes varietal 

characteristics for legume crops, making it a valuable tool for 

simulating the effects of various management and soil 

elements while providing farmers with optimized adaptation 

strategies (9). This review critically examines methodologies for 

integrating soil and weather data into agricultural decision-

making, assessing the benefits and challenges associated with 

DSSAT implementation. It explores innovative approaches to 

enhance agrarian resilience, presents successful case studies 

and identifies future research directions for improving farming 

practices and sustainability amid climate variability. 

Indian scenario of pulses 

Indias’ daily pulse requirement is approximately 47 grams per 

person. However, 24 % of the worlds’ malnourished population 

still resides in the country with 15.2 % of the Indian population 

undernourished. Pulses play a crucial role in diet and food 

security, serving as an excellent plant-based protein source due 

to their 20-35 % protein content (10) (Fig. 1). The Pulse 

production revolution began in 2017-18 when Indias’ total 

production surpassed 25 million tons. As the largest global 

producer and consumer of pulses, India contributes 25-28 % of 

the worlds’ total production. The countrys’ pulse production is 

dominated by chickpea (48 %) followed by redgram (17 %), 

blackgram (10 %) and greengram (7 %) (11). However, to meet 

the growing protein demand, India must achieve an annual 

growth rate of 3.62 %, targeting a pulse production of 33 

million tons by 2025 (12). Due to this, India imports large 

quantities of pulses while exporting significantly fewer. The 

state-wise contribution to pulse production and cultivation 

area is represented in Fig.2. 

 During the Green Revolution of the 1960s, the expansion 

of cereal-based cropping systems in northern India led to a 

decline in pulse cultivation, reducing the area from 13.5 million 

hectares to 7.5 million hectares. This shift contributed to 

decreased soil fertility, posing a significant challenge to 

sustainable crop production (13). Consequently, Indias’ pulse 

imports increased while exports remained low, as depicted in 

Fig. 3A-B. Integrating pulses into crop rotations provides 

numerous environmental and economic benefits, such as 

enhancing soil organic carbon, improving nitrogen availability, 

reducing disease pressure, increasing overall crop yields and 

promoting soil health and establishing symbiotic relationships 

with nitrogen-fixing bacteria, forming root nodules that convert 

atmospheric nitrogen into plant-usable forms. This process 

reduces fertilizer dependency and enriches soil nitrogen levels, 

benefiting subsequent crop cycles (14). 

DSSAT models   

The Decision Support System for Agrotechnology Transfer 

(DSSAT) is a suite of models and software developed by an 

international team of scientists under the International 

Benchmark Sites Network for Agrotechnology Transfer 

(IBSNAT). It is designed to predict crop yield, resource usage 

and risks associated with various production strategies (15). 

DSSAT integrates multiple databases, models and application 

programs to incorporate essential agricultural data. These 

include soil data (S-Build), crop characteristics, weather data 

(Weatherman) and management data (X-Build) (16). By utilizing 

these components, DSSAT provides a comprehensive 

modelling framework to assess crop performance under 

different climatic and management scenarios. Several crop-

based models available in DSSAT are widely used to predict 
Fig. 1. Pulses for human health and nutrition, Technical Bulletin, IIPR, Kanpur. 

Fig. 2. States contribution in area and production of total pulses. Source: DES, 
Ministry of Agri. & FW (DA&FW), GoI. Normal Area & Prod. (2017-18 to 2021-22) 
(Annual Report 2022-23). 
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yields under changing climatic conditions.  The components 

required for DSSAT are illustrated in Fig. 4. 

Simulation in DSSAT models  

The "Genotype Coefficient Calculator" (GENCALC) tool in 

DSSAT is crucial in determining cultivar genetic coefficient 

parameters that influence phenological stages, growth 

parameters, yield parameters and overall yield in the 

CROPGRO model. These parameters are fine-tuned to achieve 

the best match between simulated and observed data and the 

"Generalized Likelihood Uncertainty Analysis" (GLUE) tool is 

used to optimize cultivar coefficients (17). This tool also 

provides functionalities for organizing calibration data and 

estimating genotype-specific parameters (GPSs), improving 

model accuracy and adaptability (18). The genetic coefficient 

module is a core component of DSSAT, enabling the simulation 

of crop-specific traits, such as phenology and yield potential. 

Furthermore, DSSAT aids in decision-making by simulating 

various tillage systems and crop rotations, allowing users to 

assess strategies for reducing environmental impacts under 

specific climatic conditions. By minimizing the time and 

manpower required to analyze complex agricultural alternatives, 

DSSAT enhances decision-making efficiency and provides a 

collaborative platform for scientists, facilitating research 

advancements and knowledge sharing (19).  

DSSAT Models’ Components 

The DSSAT model consists of three primary modules, soil, crop 

and weather which collectively simulate the interactions within 

the cropping system. The soil module in DSSAT assesses soil 

texture, moisture, fertility and nutrient availability in legumes 

by incorporating key characteristics like layer thickness, clay, 

silt and organic carbon (20). The weather module analyses daily 

precipitation, temperature and solar radiation to evaluate 

climatic variability and its effects on pulse productivity. The 

crop module includes validated models like CROPGRO-Pulses, 

CERES-Rice and SOYGRO-Soybean, simulating crop growth 

under diverse conditions. Additionally, water use calculations 

using the AquaCrop model support agronomic management 

decisions. These modules collectively enhance decision-

making by simulating soil-crop-climate interactions for 

improved agricultural planning. Recent advancements in 

DSSAT have led to the development of DSSAT-CSM, a new crop 

system model that integrates CROPGRO and other modules, 

allowing the simulation of a wide range of crops (18). This 

system predicts crop growth, development and yield by 

considering water, carbon and nitrogen balances within the soil

-plant-atmosphere continuum (SPAC) (21). 

DSSAT Model Parameters 

The DSSAT model simulates various physiological processes, 

including crop growth, development, photosynthesis, dry 

matter accumulation, yield production and the dynamic 

interactions between cultivation methods and the 

environment. Implementing the DSSAT model requires input 

A B 

Fig. 3A. Pulses Import trends; B. Pulses Export trends in India. (Source: ICAR-Indian Institute of Pulses Research, Kanpur). 

Fig. 4. Diagram of database, application and support software components in DSSAT. 
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data such as field management practices, crop genetic factors, 

soil characteristics and meteorological parameters (22), as 

illustrated in Fig. 5. For greengram (Vigna radiata) (KUML4), the 

CSM-CROPGRO model integrates soil texture, moisture and 

depth data along with dry and rainy season weather data (23). 

Similarly, the CROPGRO-Soybean model applied to the JS-335, 

JS-9305 and TAMS 98-21 varieties relies on soil and weather 

data from Akola and phenological data, with genetic 

coefficients calibrated using the GLUE method. CERES-Maize 

uses field-specific soil conditions and medium-range weather 

forecasts to predict grain yields (24). The CROPGRO-Rice and 

CROPGRO-Sorghum models simulate rice and sorghum growth 

using soil and weather data tailored to photoperiod-insensitive 

rice cultivars and sorghum genetic coefficients (25). The CERES-

Wheat model simulates wheat growth using soil moisture and 

temperature data, weather simulations and wheat-specific 

genetic coefficients (26). Similarly, DSSAT-CERES-Peanut 

employs peanut-specific genetic coefficients to address soil 

nitrogen and yield components.  

 The CROPGRO-Sorghum model incorporates soil 

organic matter and weather data for growth and yield 

estimations (27). For cultivar-specific predictions, cotton 

growth simulations using DSSAT v4.6 utilize soil texture and 

field station weather data (28). Monthly weather data for Tamil 

Nadu can be obtained from the Tamil Nadu Agriculture Weather 

Network (TAWN) (http://tawn.tnau.ac.in/). DSSAT v4.8 

enhances rice growth simulations by incorporating historical 

weather data and rice-specific genetic coefficients. Table 1 

provides an overview of DSSAT models and their parameters 

for crop improvement. These models offer a robust framework 

for understanding crop responses and improving yield 

predictions under diverse environmental conditions. 

Soil data 

The soil data in DSSAT include metadata for the site where soil 

properties were measured, encompassing bulk density, soil 

organic carbon, sand, silt, clay, drainage, permeability and soil 

surface colour. These properties are determined using 

multispectral data and spectral indices such as the Normalized 

Difference Vegetation Index (NDVI) and the Soil-Adjusted 

Vegetation Index (SAVI) through Sentinel-2 satellite imagery 

(29). Crop models in DSSAT simulate a one-dimensional water 

balance with vertical flow. At the same time, the soil file 

contains essential information, including potential hydrogen 

Fig. 5. Representing the Input data for the crop simulation model with remote sensing. 

DSSAT model Crop Soil data Weather data Crop data 
Genetic coefficient 

data References 

DSSATv4.8 
CERES-Rice 

Rice 
Soil profile data, 

texture 
Weather data based on 

season and region 

Phenological 
stages, yield 

estimates 

Genetic coefficients for 
early-maturing rice 

varieties 
(70) 

DSSAT v4.7 Wheat 
Soil texture, bulk 

density, field 
capacity 

Historical weather 
data (temperature, 

rainfall) 

Yield and phenology 
data 

Genotype-specific 
parameters (P1V, G3) 

(71) 

DSSAT v4.7-CERES-
Maize 

Maize 
Soil moisture, 

texture, bulk density 

Monthly weather data 
(temperature, 
precipitation) 

Growth cycle, yield 
simulation 

Genetic coefficients for 
maize hybrids 

(72) 

CSM-CROPGRO 
Mung Bean 

(KUML4) 
Soil texture, 

moisture, depth 
Weather data from dry 

and rainy seasons 

Plant growth data 
(V4, R3, R6, R7 

stages) 

Genetic coefficients 
calibrated with GLUE 

(23) 

DSSAT v4.6 Cotton 
Soil texture, bulk 

density, soil 
moisture 

Weather data from 
field stations 

Growth, yield 
prediction 

Cultivar-specific 
genetic coefficients 

(28) 

CROPGRO-Soybean 
Soybean (JS-335, 

JS-9305,                 
TAMS 98-21) 

Soil data from the 
Akola region 

Weather data from 
Akola region 

(seasonal) 

Phenological data 
yield prediction 

Genetic coefficients 
calibrated with GLUE 

(73) 

CROPGRO-Sorghum Sorghum Soil moisture and 
fertility 

Weather data for 
growth simulation 

Growth and yield 
data 

Genetic coefficients for 
different sorghum 

cultivars 
(51) 

Table 1. DSSAT models and their parameters for crop improvement  

https://plantsciencetoday.online
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(pH), electrical conductivity (EC), soil slope and other relevant 

factors (18). Critical parameters such as moisture content and 

nutrient concentrations are tracked using inverse modelling 

approaches.  

 A recently developed Soil Profile Optimization (SPO) 

tool enables the creation of more realistic site-specific soil 

profiles based on measured site-specific yield and 

aboveground biomass (30). Soil files were created using the 

DSSAT S-Build software, which can be accessed by clicking the 

S-Build icon on the main DSSAT panel. Each soil profile is 

characterized by unique codes and names (7). The DSSAT 

model utilizes soil data from the Tamil Nadu soil database, 

accessible through the Department of Remote Sensing and GIS, 

Tamil Nadu Agricultural University (TNAU), as soil input (73). 

Weather data 

The weather module in DSSAT provides daily data on near-

surface air temperature, relative humidity, rainfall, solar 

radiation, wind speed and direction. These data are available 

at a resolution of 0.5° latitude and longitude on the NASA 

POWER website (https://power.larc.nasa.gov/, accessed from 

November 1, 2020). Automatic Weather Stations (AWS) and 

regular observatories in the study districts provide daily 

meteorological information such as rainfall (mm), solar radiation 

(MJm-2 day-1) and maximum and minimum temperatures (°C).  

 The collected weather data are fed into the DSSAT 
software from the XL File (31). These data contribute to 

modifying crop phenology, optimizing fertilizer rate-timing and 

diversifying crop rotations to reduce yield loss under varying 

climatic conditions (32). Temperature, precipitation and 

humidity data are crucial for forecasting crop performance and 

organizing agricultural operations (33). Ensuring food security 

in changing climates depends on developing climate-resilient 

crop cultivars, which is facilitated by DSSATs’ ability to simulate 

responses to shifting weather conditions (34). 

Crop data 

Crop management data includes cultivar selection, planting 

date, density, row spacing, sowing depth, irrigation dates and 

fertilizer inputs (7). Decision-makers utilize Decision Support 

Systems (DSS) to answer questions and solve problems. Data 

collected from farmers during field visits were used to assess 

crop management techniques, including cultivar choice, 

transplant date, sowing depth, previous crop yield, timing, 

fertilizer application and irrigation interval. To ensure accurate 

model representation, the most widely cultivated varieties 

were selected for inclusion (35). 

Genetic coefficient data 

Genetic coefficient data is derived from cultivar files that 
describe the genetic traits of cultivars, which are calculated 

using field experiments and phenological factors through 

multiple runs of a GLUE coefficient estimator. The genetic 

coefficients were determined and the required data are 

presented in Fig. 5. For instance, GLUE improves accuracy 

compared to conventional methods in chickpea (Cicer 

arietinum) production, with an average relative error ranging 

from -23.4 % to 19 % (36). Key genetic factors include the 

relative response of development to photoperiod (PPSEN), the 

duration between plant emergence and flower appearance (EM

-FL), the period from first flower to first pod (FL-SH), the time 

between first flower and seed formation (SD-PM), the duration 

between first flower and the end of leaf expansion (FL-LF) and 

various growth parameters. These growth parameters include 

the maximum leaf photosynthesis rate (LFMAX), leaf area of the 

cultivar under specific growth conditions (SLAVR), the size of a 

fully developed leaf (SIZLF), the maximum fraction of daily 

growth allocated to seed and shell (XFRT), seed weight per unit 

(WTPSD), seed filling duration for a pod cohort under growth 

conditions (SFDUR), average seeds per pod (SDPDV), the time 

required for the cultivar to reach its final pod stage (PODUR) 

and the maturity of seed and shell (THRSH) (37).To achieve a 

strong match between simulated and observed data, the 

relevant coefficients in the DSSAT model were systematically 

adjusted to identify the genetic parameters influencing 

developmental phases, phenological durations and yield 

estimates. Proper calibration of crop simulation models (CSMs) 

with high-quality datasets enhances the accuracy of 

phenology, leaf area index (LAI) and grain yield predictions (38). 

DSSAT crop models for major field crops 

Pulse crops: The DSSAT v4.6.1 model for chickpeas (Cicer 

arietinum) predicts variable yields based on climatic 

conditions. However, it is susceptible to temperature increases, 

leading to yield fluctuations (39). The DSSAT-CROPGRO-

Pigeonpea model demonstrates improved yields with 

optimized management practices but requires extensive data 

for accurate simulations. Similarly, the DSSAT-CROPGRO-

Mungbean model shows increased yields with early sowing but 

remains sensitive to variations in temperature and sowing 

dates (40). For chickpeas in India, the DSSAT-CROPGRO module 

exhibited a strong correlation between simulated and 

observed yields with calibration and validation R² values of 0.87 

and 0.88, respectively. It effectively calibrated anthesis and 

maturity day variations, ranging from 4.8 % to 10 % and 1.7 % 

to 5.5 %, respectively (41). 

Rice: The DSSAT v4.7 model for rice predicts yield reductions of 

-181.30 kg/ha per decade for early planting and -276.16 kg/ha 

per decade for late planting, making it a valuable tool for 

climate change impact analysis and growth season prediction; 

however, simulating the effects of climate change on yield and 

the growth season remains challenging (42). High-resolution 

(3m) Synthetic Aperture Radar (SAR) imagery was used to map 

and track rice-growing regions (SKYMED) to assess rice growth 

and calculate yields. Similarly, the DSSAT v4.7 CERES-Rice 

model predicts a yield of 3190 kg/ha when integrated with 

Sentinel-1A SAR data, although its accuracy depends on the 

quality of the SAR data (43). When combined with machine 

learning, the DSSAT model for rice shows yield increases of +0.1 

% to +3.6 % in single-season scenarios. However, late-planted 

rice experiences yield losses under climate change and the 

DSSAT-CERES-Rice model evaluates plant density and nitrogen 

management strategies but requires calibration for specific 

environments (44).  

Wheat: DSSAT v4.7 demonstrates improvements in biomass 

(+5.46 %) and yield (+2.9 %) when assessing the impact of 

aerosol reduction; however, its effectiveness is limited by 

insufficient data on aerosol radiative effects (45). The DSSAT-

CERES-Wheat model enhances prediction accuracy for irrigation 

and nitrogen effects on crop growth but requires local 

https://power.larc.nasa.gov/
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modifications to the Penman-Monteith equation for accurate 

simulations (46). Despite its capabilities, DSSAT v4.7-CERES-

Wheat is constrained by errors under extreme cold 

temperatures and lacks sufficient validation data for tropical 

regions (40). Additionally, DSSAT v4.7 for wheat predicts 

increased yields with improved solar radiation and 

comprehensive environmental data are essential for achieving 

more precise yield estimations (45). 

Maize: The DSSAT model for maize simulates climatic scenarios 

and agronomic practices, with yield changes ranging from 

+11.6 % to -34 % under future climate conditions, highlighting 

the negative impacts of climate change (24). The DSSAT v4.7-

CROPGRO model estimates maize yield based on weather and 

soil data. However, it requires extensive data preparation, 

making the process time-consuming (47). When root 

proliferation strategies are applied, the DSSAT-CERES-Maize 

model predicts a 27 % yield increase. However, genetic 

modifications are necessary for successful implementation and 

DSSAT v4.7 for maize indicates an 8.8 % to 11 % reduction in 

nitrogen uptake, reflecting its sensitivity to nitrogen application 

rates(30). CERES-Maize in DSSAT effectively estimated maize 

yield during the Kharif 2017 season in Ariyalur and Perambalur, 

achieving 90.4 % accuracy with R² = 0.502 and RMSE = 538.6 kg/

ha, thereby validating its spatial simulation capabilities (48). 

Other crops: The DSSAT-CROPGRO-Sorghum model encounters 

calibration challenges across diverse environmental conditions, 

particularly under varying water stress levels (49). Similarly, 

DSSAT-CERES-Sorghum struggles with high temperatures and 

limited water availability, often leading to underestimating early 

growth stages (16). For faba bean, DSSAT-CROPGRO-Faba Bean 

focuses on restrictive irrigation to enhance yield; however, its 

limited representation in major crop models restricts its broader 

application (50). In sugarcane, DSSAT-CANEGRO predicts a yield 

reduction ranging from 7.12 % to 29.05 % under drought stress, 

highlighting the crops’ sensitivity to meteorological drought 

during its growth stages (51). For soybean, DSSAT v4.7-CROPGRO 

estimates yield changes between -1 % and +24 % based on 

weather and soil data, though its extensive simulation process is 

time-consuming (26).  

Practical applications of the DSSAT models 

DSSAT models in precision agriculture: The DSSAT model is a 

crucial tool in precision agriculture, providing robust capabilities 

for simulating crop growth and assessing environmental impacts 

under varying conditions. By integrating diverse datasets, such 

as soil characteristics, weather patterns and crop-specific 

parameters, DSSAT delivers precise recommendations for 

resource management. DSSAT helps narrow yield gaps in maize 

production by evaluating the effects of nitrogen fertilizer inputs 

and planting density, offering tailored solutions to regional 

climatic variability (52). Similarly, the model supports water-

saving irrigation strategies for sugarcane and other crops by 

incorporating operational data to promote sustainable 

resource use. DSSATs’ ability to assimilate remote sensing data 

has expanded its applicability, particularly in monitoring crop 

growth and spatial yield variability. For instance, DSSAT has 

been integrated with GIS tools to map winter wheat production 

potential across regions, enabling precise input allocation (53). 

By simulating various climatic scenarios, DSSAT aids in 

developing agronomic adaptation strategies, such as adjusting 

planting dates and optimizing crop spacing to mitigate 

potential yield losses in rainfed systems and the DSSAT-CSM 

model uses genetic coefficients for each cultivar, allowing for 

accurate regional yield forecasting (47). 

 Additionally, DSSAT simulates physiological processes 

in pulse crops, providing insights into biomass production and 

yield potential, particularly for crops using the C3 

photosynthetic pathway, thereby supporting optimized 

cultivation practices (5). Integrating IT and geospatial data, a 

sophisticated geostatistical tool within ArcGIS was used to 

evaluate soil fertility in key pulse-growing areas (54). Overall, 

DSSATs’ integration of geospatial technology, high-resolution 

data and advanced simulation capabilities establishes it as a 

cornerstone of precision agriculture, driving efficiency and 

sustainability in modern farming practices. 

Limitations of DSSAT models: DSSAT-CERES-Rice faces 

challenges in simulating phenology under water stress. However, 

specific crop models also present unique challenges. CROPGRO-

Sorghum faces calibration difficulties in diverse environments 

(49). Another notable limitation is the high sensitivity of DSSAT-

CROPGRO-Peanut to soil nitrogen (55). Despite these challenges, 

DSSAT models provide valuable simulations for various crops, 

offering insights into yield prediction, climate change impact 

analysis and optimal management practices. However, 

limitations such as sensitivity to temperature fluctuations, water 

stress and insufficient data for specific regions emphasize the 

need for continued calibration and refinement. Description for 

DSSAT models and their practical limitations in crop 

improvement are given in Table 2. 

DSSAT models in climate change: The DSSAT model is a vital 

tool for assessing the impacts of climate change on agricultural 

systems, enabling simulation-based predictions to optimize 

crop performance and resilience under various climatic 

conditions. Crop simulation models are crucial in evaluating 

and implementing crop production practices under different 

climate scenarios. A study analyzing the impact of climate 

change on field crops across various regions used the DSSAT 

tool to assess these changes (56).DSSAT has also been applied 

to evaluate the effects of climate change on blackgram, using 

calibrated models for the popular cultivars CO6 and VBN6. The 

study found that blackgram (Vigna mungo) yields benefited 

from rising temperatures and elevated CO₂ levels, with cultivar 

VBN6 initially producing lower yields than CO6 but later 

surpassing it over time (5). Similarly, projections for the faba 

bean (Vicia faba) in the Kutaber area of Ethiopia indicate 

significant yield reductions of up to 50 % by the 2050s and 

2080s due to increased temperatures and changing rainfall 

patterns (57). DSSAT has been widely applied to analyse the 

impacts of shifting rainfall patterns, temperature extremes and 

rising CO₂ concentrations on crop yields. For instance, DSSAT-

CERES-Rice simulations have demonstrated the adverse effects 

of increased temperatures and seasonal rainfall variability on 

aerobic rice production while identifying optimal planting 

windows to minimize economic losses. Chickpea (Cicer 

arietinum) production in Andhra Pradesh is projected to 

decline under future climate scenarios, with yield reductions of 

up to 16.9 % without CO₂ enrichment and 2.7 % with CO₂ 

enrichment (58). Researchers are currently exploring adaptive 

management solutions to ensure sustainable agricultural 
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production in the face of climate change. Various crop models, 

including the Agricultural Production Systems Simulator 

(APSIM), Cropping Systems Simulation Model (CROPSYST), 

Simulateur Multidisciplinaire Pour les Cultures Standard 

(STICS) and World Food Studies (WOFOST), are widely used for 

yield assessments (56). Studies have shown that DSSAT 

predicts yields with remarkable accuracy, with a correlation 

between simulated and observed yields ranging from 0.81 to 

0.85 (35). DSSAT achieved 99.78 % accuracy in grain yield 

predictions and 91.67 % accuracy in straw yield predictions for 

rice production (59). Representative Concentration Pathway 

(RCP) climate scenarios from the Agricultural Model 

Intercomparison and Improvement Project (AgMIP) provide a 

framework for generating future weather data specific to 

different regions. Furthermore, altering planting dates, either 

earlier or later, has significantly enhanced crop production 

under changing climate conditions (37). 

Practical validation of DSSAT CROPGRO models in field crops  

The practical validation of DSSAT models has confirmed their 

reliability and versatility across diverse crops and environmental 

conditions. For wheat, the CERES-Wheat model was calibrated 

and validated using long-term experimental data, accurately 

simulating phenological stages, the leaf area index (LAI) and 

grain yield. Validation metrics such as RMSE, D-index and 

percentage error have demonstrated the models’ ability to 

replicate real-world outcomes, particularly under optimal 

irrigation and sowing conditions (46). Similarly, the DSSAT-

CANEGRO model for sugarcane was validated for the northern 

Indian region, showing a strong correlation (R² = 0.69) between 

measured and simulated yields, with a low normalized RMSE 

value of 7.5 %. The model successfully simulated phenological 

and yield attributes, highlighting its utility in improving crop 

management practices. In cotton, DSSAT modelling effectively 

simulated growth, phenology and yield under varying nitrogen 

levels and planting times. Validation results with RMSE values of 

less than two days for phenology and reliable yield predictions 

further emphasized its effectiveness in guiding region-specific 

management decisions (60). The validated results demonstrated 

that DSSAT models could effectively simulate yield attributes 

from observed crop data and predict crop growth, phenology 

and water management for both potential and actual yields, as 

illustrated in Fig. 6. 

 The AquaCrop model was calibrated and validated to 

simulate cowpea (Vigna unguiculata) growth, yield and water 

productivity under different irrigation regimes. While the model 

performed well overall, it struggled to simulate canopy cover 

accurately under severe water-deficit conditions (61). The 

model evaluated the effects of different sowing dates and 

tillage practices in Egypts’ western desert on yield of faba bean 

(Vicia faba). Calibration has proven essential, as simulations of 

varying chickpea cultivars showed less than 20 % variances 

compared to observed yields (62). The Cropping System Model 

(CSM), a DSSAT component, has been developed using 

mathematical equations that integrate agrometeorological, 

soil, crop physiology and management data to predict crop 

growth, development and yield. Validation metrics, including 

mean bias error (MBE), Normalized Root Mean Square Error 

(nRMSE) and Root Mean Square Error (RMSE) were employed 

to assess simulation accuracy. For instance, using observed 

growth and yield characteristics of the TMV13 and G7 varieties, 

the model was validated based on agreement percentage 

RMSE and nRMSE as test criteria (63).With RMSE values ranging 

from 237 to 573 kg ha-1, the model demonstrated dependable 

DSSAT model Parameters Limitations References 

DSSAT v4.6-CERES-Rice 
Photoperiod sensitivity, genetic parameters 

and soil moisture 
Issues in simulating responses to extreme 

drought and prolonged heat waves 
(74) 

CROPGRO-Rice Cultivar-specific parameters, soil moisture 
Limitations in simulating rice yield under 

changing rainfall patterns 
(75) 

DSSAT v4.7-CERES-Wheat Genotype coefficients (P1V, G3), soil 
parameters and weather data 

Errors under extreme cold temperatures, lack of 
data for validation in tropical areas 

(40) 

DSSAT v4.5-CERES-Maize Crop growth parameters, irrigation 
scenarios 

Requires accurate soil data, poor simulation 
under extreme weather patterns 

(76) 

CERES-Maize v4.7 
Soil water availability, genotype-specific 

parameters 
High sensitivity to soil nutrient levels and 

temperature variations 
(77) 

DSSAT-CROPGRO-Maize 
Genotype coefficients (P1, P2, P5), soil 

water holding capacity 
Sensitivity to nitrogen fertilization rates, limited 

data for tropical regions 
(78) 

DSSAT v4.8-CERES-Sorghum Genotype parameters, rainfall scenarios, 
soil profile 

Sensitivity to water stress and high 
temperatures underestimates early growth 

(16) 

DSSAT v4.6 
Crop-specific parameters (planting dates, 

irrigation) 
Difficulty in incorporating field management 

practices for validation 
(79) 

DSSAT v4.7 Crop-specific coefficients, soil properties, 
weather data 

Sensitive to input data accuracy, difficulty in 
simulating yield under extreme climate 

(80) 

DSSAT-CROPGRO-Peanut 
Water stress, temperature sensitivity, soil 

moisture 
High sensitivity to soil nitrogen content (69) 

DSSAT-CROPGRO-Faba Bean 
Water stress sensitivity, temperature 

threshold parameters 
Limited research on legume-specific soil 

interaction modelling 
(81) 

DSSAT-CROPGRO-Pea Crop-specific parameters, soil moisture, 
weather data 

Limited research on legume-specific 
parameters, poor adaptation to high-

temperature stress 
(82) 

Table 2. Description for DSSAT models and their practical limitations in crop improvement   

Fig. 6. Yield gap in different pulse crops (2022-23) (Source: ICAR-Indian 
Institute of Pulses Research, Kanpur). 
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predictions of phenological characteristics and seed cotton 

yield when validated against field data in Pakistan (64). The 

RMSE was calculated as follows: 

            

 

 Where, n = total number of observations, Si = simulated 

values and Oi = observed values.  The nRMSE is computed 

using: 

 

 Where, X = mean of the observed values. Simulation 
accuracy is categorized based on normalized root mean square 

error (nRMSE) values, with less than 10 % indicating excellent 

accuracy, 10-20 % classified as good, 20-30 % considered fair 

and values exceeding 30 % regarded as poor. The MBE is 

determined as follows: 

                      

 

 These metrics provide a robust framework for 

evaluating the agreement between simulated and observed 

values (17). When calibrated with region-specific data, these 

validations demonstrate that DSSAT models offer strong tools 

for simulating crop growth and yield, enabling informed 

decision-making for sustainable agricultural practices. 

DSSAT models for pulse crop improvements in India 

DSSAT models have demonstrated diverse applications for 

pulse crops in India, providing valuable tools for optimizing 

agronomic practices and improving productivity under various 

climatic conditions. These models have been extensively used 

to assess the effects of sowing dates, irrigation levels and 

fertilization on crops such as redgram (Cajanus cajan) and 

chickpeas. (Cicer arietinum). Table 3 shows practical 

applications in crop improvement. DSSAT simulations for 

redgram (Cajanus cajan) in Tamil Nadu evaluated adaptation 

strategies such as nitrogen application and altered sowing 

dates. The model highlighted significant yield variations across 

agro-climatic zones, emphasizing the necessity of region-

specific management strategies (39). Additionally, pigeonpea 

(Cajanus cajan (L.) Millsp.) yields under various fertigation levels 

were successfully simulated using the DSSAT-CROPGRO model. 

The results demonstrated that optimal nutrient management 

increased seed yield by 8.0-11.0 % compared to traditional 

approaches (65). These applications of DSSAT models in pulse 

crop research reinforce their significance in developing climate-

resilient and resource-efficient cropping strategies for sustainable 

agriculture in India. 

Current challenges 

Climate change threatens agriculture through rising 

temperatures, unpredictable rainfall and extreme weather 

impacting pulse yields. Limited access to technology and 

regional variability hinder adaptation, necessitating resilient 

crops, sustainable practices and GIS-based climate 

monitoring (66). The DSSAT model, when integrated with the 

Root Zone Water Quality Model, has been employed to simulate 

the effects of various agricultural management strategies, 

including irrigation, fertilization, planting dates, crop rotation, 

pesticide use, water efficiency and crop productivity (67). 

Additionally, models such as DNDC and DSSAT have been 

extensively used to simulate the soil water cycle, greenhouse gas 

(Eqn. 1) 

      (Eqn. 2) 

(Eqn. 3) 

DSSAT model Crop Yield (kg/ha) Applications References 

DSSAT v4.7 Rice 
Early: -181.30 kg/ha per decade, 
Late: -276.16 kg/ha per decade 

Climate change impact analysis, yield 
prediction, growth season analysis (42) 

DSSAT-4.7 CERES-
Rice 

Rice 3190 kg/ha Yield prediction using Sentinel-1A SAR data 
integration 

(43) 

DSSAT Rice Single-season: +0.1-3.6 %, Early: 
+4.6-9.5 %, Late: -2.3-8.8 % 

Integration with machine learning for yield 
prediction 

(83) 

DSSAT v4.7 Wheat +5.46 % in biomass, +2.9 % in 
yield 

Impact of aerosol reduction on wheat yield 
prediction 

(45) 

DSSAT-CERES-Maize Maize 27 % increase under root 
proliferation adaptation strategy 

Adaptation strategy to mitigate climate 
change impact 

(70) 

DSSAT v4.7 Maize 8.8 % to 11 % reduction in 
nitrogen uptake 

Assessment of nitrogen application rates for 
yield optimization 

(30) 

DSSAT-CERES-Millet 
Millet, 

Pearl Millet 
Varied by variety and sowing 

window 
Assessment of climate change impact and 

adaptation strategies (84) 

DSSAT v4.7-
CROPGRO 

Soybean -1 % to +24 % Yield estimation using weather and soil data (47) 

DSSAT v4.6.1 Groundnut Decreased with temperature 
increase 

Assessing climate change impact, 
productivity under various CO2 levels 

(85) 

CROPGRO-
Pigeonpea 

Pigeonpea 1875 kg/ha Evaluating fertigation impacts on pigeonpea 
under different nutrient dosages 

(65) 

DSSAT v4.6.1 Chickpea Varied based on climatic 
conditions 

Assessing the impact of sowing dates, 
climate change on chickpea productivity 

under various CO2 levels 
(85) 

DSSAT v4.7 Cowpea Varied with water stress Simulating water stress impact on cowpea 
growth and yield 

(86) 

DSSAT Blackgram Beneficial stimulus under 
enriched CO2 

Assessing climate change impact on yield (5)  

DSSAT v4.7 Red gram 
Increased yield under CO2 
enrichment and optimized 

sowing date 

Evaluating sowing date and genotype 
impact on yield, Adaptation strategies under 

changing climate 
(87) 

DSSAT-CROPGRO-
Mungbean 

Mungbean Increased with early sowing Assessing sowing date impact (40) 

DSSAT-CROPGRO-
Lentil 

Lentil 
Improved with conservation 

tillage 

Evaluating conservation tillage practices & 
Simulating lentil growth and development 

using the CROPGRO model 
(88) 

Table 3. DSSAT models and their applications in crop improvement  
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emissions, crop growth and soil carbon and nitrogen dynamics 

under different management techniques and climatic conditions 

(26). However, DSSAT still faces particular challenges in pulse 

crop modelling, mainly due to region-specific calibration 

requirements, discrepancies in soil nitrogen and water modelling 

and an overall emphasis on cereal crops. Refinements are 

necessary to improve phenology predictions and stress 

tolerance modelling in pulses to enhance the models’ accuracy 

and applicability (68). Addressing these challenges is crucial to 

ensuring food security and sustainable agricultural practices in 

the face of ongoing climate change. 

Future climate resilience by using the DSSAT model 

Ensuring the reliability and effectiveness of DSSAT models for 

crop improvement and climate resilience requires accurate 

input data, thorough model validation and the ability to 

simulate complex environmental conditions (40). Future 

research should focus on integrating real-time data from 

remote sensing and Internet of Things (IoT) devices to enhance 

the precision of DSSAT. GPS-enabled wireless sensor networks 

(WSNs) can continuously update crop growth and topography 

data, providing more accurate and timely information for 

decision-making. Recent advancements in digital photography 

and signal processing have further enhanced the capabilities of 

WSNs, allowing for precise assessments of crop health and 

quality, ultimately improving crop yields (69).To increase the 

adoption of DSSAT among resource-constrained farming 

communities, the development of simplified user interfaces 

and region-specific modules for underutilized crops is 

essential. Additionally, leveraging machine learning to 

automate the calibration process could significantly reduce the 

labour-intensive nature of model setup, making DSSAT more 

accessible and practical for pulse crop management. 

Addressing these challenges will enable DSSAT to play a 

transformative role in ensuring the sustainability and resilience 

of pulse crop production systems amid climate change. 

 

Conclusion   

This review underscores the critical role of the DSSAT model in 

enhancing pulse crop resilience amid climate change. By 

simulating various agronomic practices, DSSAT aids in 

optimizing sowing dates, irrigation and fertilization to mitigate 

climate-induced yield losses. Despite its effectiveness, challenges 

such as region-specific calibration, limited accessibility and the 

need for improved pulse crop modelling persist. Future research 

should focus on integrating real-time data from remote sensing 

and IoT technologies, refining stress-tolerance parameters and 

leveraging machine learning for automated calibration. 

Collaborative efforts among researchers, policymakers and 

farmers are essential for promoting climate-smart agriculture. 

Prioritizing adaptive strategies, including the development of 

heat-resistant cultivars and sustainable management practices, 

is crucial to ensuring food security and the long-term viability of 

pulse crop production in an increasingly unpredictable climate. 
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