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Abstract
[bookmark: _GoBack]Global agriculture is facing a powerful challenge from climate change, with its potential to destabilize food systems through increased temperatures, unpredictable rainfall, extended droughts, and more frequent extreme weather events. These climatic shocks are projected to impact significantly on crop yields, shift planting seasons, and amplify the vulnerability of smallholder farmers, especially in the developing world. Here, crop and climate simulation models have become vital tools for projecting agricultural performance, assessing adaptation options, and guiding policy choices to promote long-term food security. By incorporating biological, environmental, and climatic factors, the models allow researchers and other stakeholders to estimate the projected effects of climate futures on crop productivity. This review integrates the structure, applications, and limitations of prominent crop and climate simulation models i.e., DSSAT, APSIM, Aqua Crop, WOFOST, and InfoCrop and emphasizes their application in informing climate-resilient agricultural planning. It  also examines coupling these models with climate projection tools and discusses progress in model integration, handling uncertainty, and regional adaptation.
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Introduction 
The sustenance of an expanding population of the world under conditions of fast-evolving climatic conditions ranks among the most daunting challenges of the 21st century. As per the FAO (2022), in 2021, almost 828 million individuals were undernourished on a chronic basis, and estimates show that the world will need to raise food production by 60% in 2050 to keep pace with mounting demand FAO, 2022. Nevertheless, climate change is already compromising global food system stability by rising temperatures, changing precipitation patterns, increased occurrences of extreme weather, and intensifying pest and disease pressure. The Intergovernmental Panel on Climate Change (IPCC AR6, 2023) alerts that agricultural yield will decrease by as much as 30% in most regions by the mid-century if adaptation is not implemented, especially in tropical and subtropical regions IPCC, 2023. The interaction of biophysical stressors and socio-economic vulnerabilities has escalated concerns regarding food availability, accessibility, and stability rendering climate-resilient agriculture more than an option, but a requirement. Climate-resilient agriculture seeks to sustain and even enhance productivity under conditions of climate uncertainty, decrease greenhouse gas emissions, and improve ecosystem services(Sahoo et al., 2025). This shift requires science, evidence-driven decision-making tools that can assist farmers, researchers, and decision-makers in developing adaptation and mitigation strategies that are region-specific Agro-climatic zones(van et al., 2003) . A key backbone of such approaches is the application of crop and climate simulation models that facilitate ex-ante evaluation of management practices, crop performance across different climate futures, and long-term sustainability implications(Shukla et al., 2025). Crop and climate simulation models provide a systems approach to studying the complex interactions of genotype, environment, and management (G×E×M)(Teixeira et al ., 2017). They model the main physiological processes of crop growth, development, and yield as responses to changing environmental conditions and management regimes, including sowing date, irrigation, and fertilization. When combined with climate projections, which are themselves developed from General Circulation Models (GCMs) or downscaled using Regional Climate Models (RCMs), these resources become particularly valuable for predicting the effects of future climate scenarios on farming productivity(Ahmadi, H. and  Azizzadeh, J. 2020). They allow researchers and policymakers to predict crop yields, estimate the risks to such events as heatwaves and droughts, and evaluate possible adaptation options such as changing sowing windows, conversion to climate-resistant cultivars, or optimizing resource allocation. In addition, these models are fundamental to policy approaches that enhance food security, climate-smart agriculture, and sustainable intensification making them key tools in the international fight against climate change(Musau et al., 2013).
Evolution of Crop and Climate Simulation Models
The development of crop and climate simulation models has mirrored the increasing intricacy and requirements of current agricultural systems in the face of climate change. Models were initially empirical in nature, dependent on statistical relationships between weather observations and crop yields, at times being regional or crop-specific in scope and applicability. These initial models could yield valuable short-term predictions but were not capable of simulating biological processes under new climatic conditions. This eventually yielded to process-based models that mimic physiological crop responses to environmental and management factors by modelling the underlying mechanisms of growth, development, water and nutrient uptake, and yield formation (Boote et al., 1996). DSSAT (Decision Support System for Agrotechnology Transfer) and APSIM (Agricultural Production Systems Simulator) are some of the well-known examples, which gained popularity because they were based on modular designs, well-calibrated, and could be used across different agro-ecological zones (Keating et al., 2003; Jones et al., 2003). The second major shift was the coupling of climate models, especially General Circulation Models (GCMs) and Regional Climate Models (RCMs), with crop models. This merger enabled scientists to model long-term yield reactions under future climates and evaluate adaptation options such as changes in management practices or varietal changes (Challinor et al., 2007). Protocols such as the AgMIP (Agricultural Model Intercomparison and Improvement Project) have been important in harmonizing such model coupling to enhance credibility and allow for inter-model comparison worldwide (Rosenzweig et al., 2013). More recently, the development has progressed with the use of remote sensing, big data analysis, and artificial intelligence (AI) in crop and climate simulation models. Remotely sensed information now feeds into real-time model calibration and validation to enhance spatial accuracy and scalability (Ines et al., 2013). At the same time, machine learning (ML) and deep learning methods are applied to forecast crop yields, categorize stress situations, and calibrate model parameters in cases where conventional data are limited or uncertain (Reichstein et al., 2019). Such developments are pushing models toward hybrid approaches, which integrate mechanistic and data-driven strategies, providing better predictive power and user flexibility across scales from field-based advisory systems to global food policy instruments. (van Klompenburg et al., 2020). The convergence of AI with process-based modelling is giving rise to hybrid models, which combine the strengths of data-driven predictions with biophysical realism offering improved accuracy, scalability, and adaptability. These cutting-edge approaches are paving the way for the next generation of decision-support systems in climate-resilient agriculture.
Major Crop Simulation Models
Crop simulation models are strong tools to evaluate the performance of cropping systems under different environmental conditions and management options. The models vary in structure, assumptions, and scope but typically include components for crop growth and development, soil processes, weather, and management practice. The following is a description of six commonly utilized models in agricultural research and policy planning:
1. DSSAT (Decision Support System for Agrotechnology Transfer)
· Developer: University of Florida, USA (co-developed with IFDC, ICRISAT, and others)
· Structure & Inputs: Process-based, modular model suite for more than 40 crops; inputs include daily weather, soil properties, crop genotype, and management.
· Assumptions: The model assumes that crop growth is dominated by solar radiation, temperature, water, and available nitrogen.
· Application Areas: Worldwide application in research, education, and decision support. Application for yield forecasting, climate change impact studies, and management optimization.
· Strength: Highly tested and flexible, DSSAT is fully customizable and coupled with economic and climate models (e.g., MARKSIM, GCM outputs).
2. APSIM (Agricultural Production Systems Simulator)
· Developer: APSIM Initiative, Australia
· Structure & Inputs: Modular, process-based model with soil-plant-atmosphere dynamics. Inputs are daily climate, detailed soil layers, crop parameters, and management options.
· Assumptions: Stresses dynamic feedback between soil conditions and crops, particularly nitrogen and water cycling.
· Application Areas: Widely applied in Australia, Africa, and Asia for cereal-based systems, mainly in semi-arid and dryland environments.
· Strength: excel in simulating long-term soil-crop interaction, carbon and nitrogen cycling, and farming systems research.
3. AquaCrop
· Developer: Food and Agriculture Organization (FAO)
· Structure & Inputs: Simple, process-oriented model based on water productivity. Inputs are weather data on a daily basis, crop parameters, soil, and irrigation management.
· Assumptions: Linear relation under water-limited conditions is assumed between biomass production and crop transpiration.
· Application Areas: Used for assessing water-saving technologies, irrigation scheduling, and crop performance under limited water.
· Strength: Simple, easy to use, particularly for developing countries, allows policy and field-level planning in water-scarce areas.
4. WOFOST (World Food Studies Model)
· Developer: Wageningen University, Netherlands
· Structure & Inputs: Mechanistic model simulating physiological processes in crops; weather, soil, and crop data required.
· Assumptions: Simulates potential (no limitation), water-limited, and nutrient-limited yield.
· Application Areas: European and world food security evaluation; integrated into models such as CGMS (Crop Growth Monitoring System) by the European Commission.
· Strength: Physiologically detailed modeling, which is convenient for large-scale monitoring and early warning systems.
5. STICS (Simulateur mulTIdisciplinaire pour les Cultures Standard)
· Developer: INRAE, France
· Structure & Inputs: Mechanistic crop-soil-atmosphere model with a focus on daily time steps. Weather, soil, crop, and management data are required.
· Assumptions: Accounts for crop and soil interactions such as carbon, water, and nitrogen balance.
· Application Areas: Agroecological zoning, environmental impact assessments, nitrogen leaching in Europe.
· Strength: Ability to simulate multiple crops and crop rotations, accommodates organic and conventional farming.
6. InfoCrop
· Developer: Indian Agricultural Research Institute (IARI), ICAR, India
· Structure & Inputs: Process-based model with an Indian crop and agro-ecology specific configuration. Needs weather, soil, crop genotype, and management inputs.
· Assumptions: Has modules for biotic and abiotic stresses, greenhouse gas emissions, and carbon sequestration.
· Application Areas: Adaptation studies, climate risk assessments, crop yield projections in India.
· Strength: Country-specific calibration for most important Indian crops; applies to policy analysis and vulnerability assessments.
Climate Models and Their Integration with Crop Models
The coupling of climate models with crop simulation models is now critical for assessing the effects of climate change on agriculture and formulating well-informed adaptation measures(Uysal, I. 2025). There are two principal climate models that are used for these purposes: General Circulation Models (GCMs) and Regional Climate Models (RCMs). GCMs model the Earth's climate system globally, including processes between the atmosphere, oceans, and land surfaces. But because of their coarse spatial resolution (usually 100–300 km), they cannot be directly applied to agriculture. To overcome this shortcoming, RCMs are employed for dynamically downscaled GCM outputs to more refined resolutions (10–50 km), in order to have a more precise regional estimate of climate effects on agricultural productivity(Ahmadi, H. and  Azizzadeh, J. 2020). Climate models simulate under a range of emission scenarios. Previous frameworks such as the Representative Concentration Pathways (RCPs) like RCP2.6, RCP4.5, and RCP8.5 are now supplemented with the more recent Shared Socioeconomic Pathways (SSPs) utilized in CMIP6 that bring together socio-economic stories with emission pathways. For example, SSP1-1.9 requires a sustainable development path with low emissions, whereas SSP5-8.5 stands for a fossil-fueled high emission world(Gutschow et al., 2021). These situations give a set of possible future climates that can be run in crop models to determine possible agricultural results. In order to span the difference between the coarse resolution output of GCMs and the fine-resolution inputs required by crop models, downscaling methods are utilized. Statistical downscaling invokes historical patterns between large-scale climate and local weather conditions to create high-resolution projections. Although computationally effective, it presumes that such relations are time invariant, which is not always the case(Hewitson et al., 2014). Dynamical downscaling, on the other hand, employs RCMs to physically model regional climates from GCM outputs. The approach is stronger in coping with extremes but is very compute intensive(Chokkavarapu et al., 2021).  Integrating climate and crop models continues to remain difficult despite developments. One such important issue is the disparity between spatial and temporal resolution climate models generally give daily or monthly data, whereas crop models tend to demand sub-daily inputs like hourly temperature or precipitation events(Li et al ., 2023). A second most important issue is propagating uncertainty from various sources like emissions scenarios, climate model structure, downscaling methods, and crop model parameters. Furthermore, climate data need to be bias-corrected and reformatted for use, increasing the complexity of integration. Regional calibration of crop models is also required to make simulations best represent local agro-ecological conditions, which is limited by high-quality field data availability. To enable such an integration and enhance model intercomparability, international endeavours such as the Coupled Model Intercomparison Project Phase 6 (CMIP6) and the Agricultural Model Intercomparison and Improvement Project (AgMIP) have a crucial role(O'Neill et al., 2016). CMIP6 offers standardized climate projections from various GCMs under the same SSP-RCP settings, which find vast application in IPCC assessments and climate impacts studies. AgMIP, however, emphasizes methodologies harmonization for coupling climate and crop models. It facilitates regional projections, encourages tool development to enable data exchange (e.g., AgMIP Data Interchange Tool), and assists in comparing the performance of different crop models such as DSSAT, APSIM, and AquaCrop across various climate scenarios(Tebaldi et al., 2021).
Applications in Forecasting Food Production 
Crop and climate simulation models are now critical tools for making projections of food production under a changing climate. By merging crop growth models and climate projections usually to mid-century (2050) or end-century (2100) scientists can make an educated estimate of what the future climatic conditions will be, including rising temperature, changed precipitation patterns, and elevated CO₂ levels, and how those will impact yields. Such projections enable the identification of exposed areas, possible yield gaps, and adaptation requirements. In India, simulation models such as DSSAT and InfoCrop have been employed to assess wheat and rice productivity under RCP 4.5 and RCP 8.5 scenarios. Results indicate a huge reduction in yield unless adaptive strategies such as altering sowing dates or planting heat-tolerant varieties are put in place (Dwivedi et al., 2022). Likewise, in Sub-Saharan Africa, where rainfed agriculture prevails, APSIM and Aqua Crop models have assisted in policymaking on drought-resistant varieties and supplemental irrigation(Kheir et al.,  2021). In Southeast Asia, WOFOST and DSSAT have aided projections of rice system productivity under changing monsoons, informing diversification of crops and water-saving technology(Banerjeee  et al., 2024). These models also support agricultural decision-making, enabling the stakeholders to select best irrigation timings, nutrient application rates, and cropping patterns for expected weather or climate conditions. For example, real-time simulations can assist farmers in sensitive phases like flowering or grain filling, which are vulnerable to heat stress and drought. Furthermore, crop-climate models are the foundation of early warning systems for food insecurity. When coupled with seasonal climate predictions, disease and pest risk models, and market statistics, they allow governments and humanitarian organizations to predict food shortages and respond in anticipation. For instance, the Famine Early Warning Systems Network (FEWS NET) employs such simulations to guide food aid decision-making in vulnerable areas(Gavasso‐Rita  et al., 2024)
Challenges and Limitations of Crop and Climate Simulation Models
· Shortage of Data
One of the longest-standing challenges is the unavailability of high-quality, site-specific data—especially in developing nations. Models need precise inputs regarding soil properties, crop management, and weather (daily temperature, rainfall, solar radiation, etc.). In most areas, meteorological observations are lacking or unreliable, and long-term time series are scarce or incomplete. Likewise, high-resolution crop-specific parameters (e.g., coefficients of growth, phenology) and soil profiles are neither readily available nor can be easily accessed, constraining model validity and reliability
· Calibration and Validation Problems
Correct calibration of the model is important to make the simulated results mimic actual crop behavior under local environments. This depends on sufficient field data, which in most cases is unavailable. Cross-validation among agro-ecological zones is hampered by diversity in practices, genotypes, and environmental conditions. Incorrect calibration can result in erroneous predictions, influencing decision-making based on the simulations 
· Model Uncertainty and Sensitivity
Simulation models entail inherent uncertainties caused by:
· Parameter variability
· Structural assumptions in the models
· Inaccuracy of projected future climates by GCMs
Sensitivity analyses usually uncover that even minor variations in input parameters (e.g., sowing time, precipitation, temperature) may lead to significant departures in output like yield or evapotranspiration. Propagation of uncertainty is then further compounded when climate models are combined with crop models, particularly without the need for downscaling techniques or bias correction .
· Usability and Accessibility in Developing Regions
Most of them are created in wealthier nations and demand excessive computational capacity, particular programming and modeling expertise, or software environments. Simple, user-friendly interfaces are frequently absent, which makes it impossible for farmers, extension agents, and policymakers to directly interact with model results. Language differences, insufficient training courses, and limited technical support further diminish the accessibility of these instruments in resource-poor or rural locations.
Conclusion
 Crop and climate simulation models have become an integral part of efforts to construct climate-resilient agriculture and provide global food security. With growing intensity, climate change is causing disruption to agroecosystems, and crop and climate simulation models provide solid platforms to comprehend, predict, and counter its effect on crop productivity. These models such as DSSAT, APSIM, Aqua Crop, WOFOST, and InfoCrop have developed to include sophisticated interactions among genotype, environment, and management (G×E×M), thus becoming useful tools for assessing adaptation options, maximizing resource efficiency, and informing policy in agriculture. Yet, although these models provide great predictive capability, there are still issues to overcome with data availability, regional calibration, coupling with socio-economic variables, and quantification of uncertainty. Coupling of crop models with climate projections, particularly through downscaled regional climate models (RCMs), increases their applicability to local decision-making but also calls for better computational frameworks and inter-disciplinary coordination. Looking forward, upcoming breakthroughs need to address model interoperability, enhanced user interfaces, integration with remote sensing and artificial intelligence, and participatory modeling strategies that integrate farmer views. Bolstering these instruments and making them more accessible can enable researchers, policymakers, and farmers alike to better predict risks, design adaptive cropping systems, and ultimately ensure the future of food under an uncertain climate.
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