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ABSTRACT

                The growing challenges of climate change, coupled with the unprecedented rise in global food demand, calls for transformative strategies in agricultural systems to ensure long-term food security and ecological sustainability. Climate-smart farming has emerged as an approach that enables farmers to maximize the potential of available resources through the precise use of inputs and integration of emerging technologies, thereby fostering a greener and climate-resilient agricultural future. Aligning with the objectives of climate-smart agriculture, crop models have proven to be invaluable tools for achieving food security. These mathematical models simulate crop growth under varying environmental conditions and management practices. Evolving from tools designed to study complex weather–soil–plant interactions to sophisticated operational systems for farm-level decision-making, crop models play a key role in optimization of resource use, sustainable management and to strengthen climate resilience. This review underscores the critical role of crop modelling in promoting climate-smart agriculture, highlighting its applications in yield forecasting, resource optimization, pest and disease management, and climate change adaptation. It also emphasizes future prospects for integrating emerging technologies to improve model accuracy, thereby supporting sustainable, resilient, and climate-smart agriculture. 
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1. INTRODUCTION
[bookmark: _Hlk173051521]Climate change has evolved from a distant possibility to present reality. From shifting weather patterns that threaten food production, to rising sea levels that increase the risk of catastrophic flooding, the impacts of climate change are global in scope and unprecedented in scale (UN, 2024). Agriculture is highly vulnerable to climate change, with increasing climate extremes threatening crop yields and global food security (Alam and Ruksana, 2023). As highlighted by Hague et al. (2021), current rates of yield growth and overall production are not sufficient to satisfy future demand for food, and climate change is predicted to add at least another 60 million hungry people by 2050. 
Though agriculture sector is greatly affected by the impacts and uncertainties of climate change, one should not overlook the sector’s own contributing potential to these changes.  As per the Third Biennial Update Report submitted by the Government of India in early 2021 to the United Nations Framework Convention on Climate Change, the agriculture sector contributes 14 per cent of the total GHG emissions, of which, 54.6 per cent of GHG emissions were due to enteric fermentation, followed by 17.5 per cent from rice cultivation, 19.1 per cent from fertiliser applied to agricultural soils, 6.7 per cent from manure management, and 2.2 per cent due to field burning of agricultural residues (MoEFCC, 2021).
[bookmark: _Hlk173437933][bookmark: _Hlk173229674]The threats of climate crisis have aroused widespread international concern and prompted demands for action which  facilitated the draft of the United Nations Framework Convention on Climate Change in 1994 (UN, 2024). The Convention envisaged two main strategies to address global warming: mitigation and adaptation. Building resilience in agriculture is essential for ensuring food security, safeguarding livelihoods, promoting rural development, supporting ecosystem functions, and contributing to climate change mitigation and adaptation. Climate smart farming with the right inclusion of emerging technologies along with sustainable farming practices has emerged as a holistic approach to attain food security while addressing the need to combat climate change (World Bank, 2023). Driven by three main goals of increased productivity, enhanced resilience and reduced emissions, smart farming can thereby serve as one of the best options to achieve global food security without compromising ecological sustainability. 
2.CLIMATE SMART FARMING
Technology continues to reshape nearly every sector, and agriculture is one of the most evolving sectors among them (Subedi and Sharma, 2023). According to Food and Agricultural Organization (FAO), climate smart agriculture is an approach that helps guide actions to transform agri-food systems towards green and climate resilient practices (FAO, 2021). Smart farming involves the inclusion of modern technologies such as the Internet of Things (IoT), Wireless networks, Artificial Intelligence (AI), Data analytics, Location services, Robotics etc. to the existing sustainable conventional farming practices with the main aim of increasing productivity and improving efficiency of applied inputs, without compromising ecological sustainability (Haque et al., 2021).
2.1  Concept of smart farming
[bookmark: _Hlk209479721]The concept of climate smart farming was first introduced at the 2010 Hague Conference on Agriculture, Food Security and Climate Change leading to the establishment of Global Alliance for climate smart agriculture (FAO, 2021). Being the future of food production sector, climate smart farming enables farmers to utilize their available minimum resources to their maximum potential with the right use and application of inputs and emerging technologies, thereby increasing productivity and returns from the crops.
2.2 Principles of Climate smart farming practices
[bookmark: _Hlk173275681]Climate smart farming technology acts as a framework for identifying and implementing the right solutions, which build on existing knowledge and principles (Lipper et al., 2014). It focuses on three key objectives: sustainable intensification of agricultural production, adaptation and building resilience to climate change and reducing greenhouse gas emissions (Safdar et al., 2024).
The guiding principles of climate smart farming includes the following domains
2.2.1. Ensuring food security through sustainable intensification
Sustainable intensification implies increased productivity by simultaneous increase in resource use efficiency, and thus reducing negative environmental impacts of agriculture.  CSA focusses on flexible situation specific solutions coupled with innovative financial and policy efforts to lower production risks and vulnerabilities of the farmers all-round the globe (Safdar et al., 2024)
2.2.2 Adaptation and resilience
 	Yield forecasting, drought-resistant planting, water-saving techniques etc., can help farmers manage climate risks like floods, droughts, and extreme weather events. Reliable climatic data and tools for making decisions can help the farmers modify their agricultural operations.
2.2.3. Mitigation and Emissions Reduction
 	The goal of CSA techniques is to lower greenhouse gas emissions from agriculture which includes reduction in carbon dioxide emission from degrading soils and stubble burning, mitigation of methane (CH₄) emissions from rice fields and livestock, nitrous oxide (N₂O) emissions from croplands, greenhouse gas (GHG) emissions from agricultural residues (e.g., compost), as well as reducing indirect GHG emissions linked to agricultural production(Lou et al., 2024). Through the promotion of renewable energy and energy-efficient technologies in agricultural production and processing, the CSA enhances overall energy sustainability and efficiency.
2.2.4. Equity and Inclusivity 
[bookmark: _Hlk173039553]Climate resilient approaches should be combined with gender-transformative climate adaptive strategies that takes into account the roots of economic, political, ecological, and cultural vulnerability for different groups. (Huyer et al.,2024). Linking gender equality and social inclusion with the scaling and mainstreaming of Climate-Smart Agriculture (CSA) is essential for building transformative, inclusive, and sustainable food systems that can effectively reduce climate-related vulnerabilities. (Safdar et al., 2024)
2.2.5. Continuous Learning and Innovation 
            Identifying the limitations of existing technologies and finding new innovative methodologies through continuous learning and research can evolve more promising sustainable solutions. To accelerate adoption, information sharing among scientists, farmers, and other stakeholders is essential.
[bookmark: _Hlk209479924]Adaptation and mitigation strategies coupled with sustainable intensification can directly influence both productivity and resilience. Implementing climate-smart agriculture therefore requires a holistic approach that addresses these interconnected challenges. In line with the objectives and principles of climate-smart farming, crop models emerge as a valuable tool for achieving food security while also accounting for ecological sustainability. 

3. CROP MODELLING- THE KEY TO CLIMATE SMART FARMING
[bookmark: _Hlk209480938]Crop models are a set of mathematical equations that mimics and describes how the crop genetics, crop management practices and the environment interact to determine crop growth (Peng et al., 2020). They simulate the behaviour of a real crop by predicting the growth of its components, such as leaves, roots, stems and grains and can reproduce a wide range of seasons, places, climates, and scenarios in a very short time (Hoogenboom et al., 2019). Crop models benefit agriculture in a variety of ways, such as investigating the interactions between the atmosphere, the crop, and the soil, aiding in crop agronomy, pest control, breeding, and natural resource management, acting as a decision support system and analysing the impact of climate change (Asseng et al., 2014). 

3.1 Significance of crop modelling

[bookmark: _Hlk209481786][bookmark: _Hlk209481711][bookmark: _Hlk209481172][bookmark: _Hlk209481203]Crop models were initially developed to better understand crop growth and development by simulating the underlying physiological processes, with well-modelled processes reflecting a strong grasp of plant–soil–climate interactions.(Bouman et al.,1996) Over time, these have been evolved into powerful operational tools for farm-level decision-making, supporting farmers in managing crops on poor soils, in harsh or marginal climates, and in selecting appropriate cultivars and practices under risks such as pests, diseases, and extreme weather. For researchers, they provide robust methods to study complex weather–soil–plant interactions, test scientific hypotheses, and assess potential climate change impacts on crop growth and yield. Importantly, crop modelling offers a cost-effective and time-efficient alternative to resource-intensive field experiments, addressing the limitations of conventional yield estimation methods, which are often inaccurate, labour-intensive, and unsuitable for large-scale applications (Harithalekshmi et al., 2023). These guide decision makers in planning sustainable agro-environmental and food systems under climate variability.. Together, these strengths make crop modelling a key enabler of climate-smart farming, enhancing resilience, supporting adaptation strategies, and ensuring sustainable agricultural productivity under changing climates (Mandapati et al., 2023).

3.2  Classification of crop models

Based on the purpose, crop models can be classified into different categories

3.2.1 Empirical model

  Empirical models, also referred to as statistical models, are the direct descriptions of experimental data. In such models, the statistical data science approaches are leveraged to express the final crop response to a particular factor and are generally expressed as regression equations. The model gives no information regarding the actual process or underlying mechanism leading to the end result. Being site specific, empirical models lack universality, e.g. Yield prediction models based on historical yield data and weather conditions. 

3.2.2 Mechanistic models (Explanatory or Simulation models)
Mechanistic models are based on the fundamental laws of natural sciences enabling these models to explain the mechanism that causes the system’s behaviour (Adarsh et al., 2023). These models have the ability to mimic relevant physical, chemical or biological processes and to describe how and why a particular response occur. Such  models act like virtual experimental field on which effects of various treatments can be evaluated thereby reducing the dependence on large score field experimentation, e.g. APSIM, DSSAT and Crop Syst  (Mohanty et al., 2015)

3.2.3 Static models

Static models consist of algebraic equations and does not consider time as a variable. The dependent and independent variables having values that remain static over a period of time.

3.2.4 Dynamic models
Dynamic models consist of differential equations and explicitly incorporate time as a variable.
3.2.5 Deterministic models
A deterministic model estimates the precise value of the dependent variable such as rainfall, crop yield or animal live weight without any associated probability distribution.  ATPSM (The Agricultural Trade Policy Simulation Model) is a deterministic model intended for agricultural policy analysis. These models work better in conditions where uncertainty is less.

3.2.6 Stochastic models
      	Agriculture is driven by a plethora of uncertainties. Hence in such situations stochastic models that consists of probability distribution within the model can be adopted. These models depict the yield or state of a dependent variable at a given rate.
Equations or group of equations in a model depicts the system’s behaviour. Crop models simulate how crop grow and develop by forecasting how a crop’s component parts develop with respect to its genetic makeup and climatic conditions prevailing in its growth environment. An idea regarding the crop growth processes is created by combining responses and interactions at the tissue and organ level. 

3.3  Applications of crop modelling in climate smart farming
The varied applications of crop modelling in climate smart farming include:

3.3.1 Yield prediction and identifying yield gap	
Early detection of food production shortfalls allows for mitigation solutions to be implemented before a major hunger crisis or famine occurs (Krishnamurthy et al., 2020). Accurate and timely information regarding crop types and yields constitutes a fundamental requirement for the sustainable management and optimization of agricultural resources.(Foley et al.,2005, Filippi et al.,2022). Crop yield predictions result in high-cost savings and enhanced food production worldwide (Parashar et al.,2024). Quantifying yield gaps provides insights for shaping policies and directing research is aimed at achieving food security and sustainability  (Van Wart, 2013)

[bookmark: _Hlk208442063] 	Crop simulation models are being widely used to determine the potential yield of any crop with which the yield gap in a particular environmental condition can be assessed. This can help the farmers and policy makers to identify the best management practices to reduce the yield gap by adopting a target oriented approach (Filipi et al., 2021). 
Yield gap can be calculated as the difference between potential yield to the actual yield whereas management gap refers to the difference between attainable yield and actual yield (Singh et al., 2016). Potential yield  refers to the yield of a  cultivar when grown in environments to which it is adapted; with nutrients and water non limiting; and with pests, diseases, weeds, lodging, and other stresses effectively controlled (Evans and Fischer, 1999). Actual yield refers to the yield obtained by accounting for the real-world limitations such as the pest and disease outbreak, nutrient deficiencies, soil degradation or poor crop management. Attainable yield estimates the yield obtained when the crop is subjected to the best crop management strategies like sowing on the best sowing date, optimum fertilizer application, irrigation etc. It is the potential yield in a given current weather and soil conditions achievable by implementing the best management strategies (Filippi et al.,2021). Understanding yield gaps allows adaptation strategies to be tailored to local conditions, increasing resilience to climate variability and extreme weather events.
The Decision Support System for Agro-Technology Transfer (DSSAT), widely used as a   research and teaching tool was designed to enter, store and manipulate weather, soil and crop data to run the crop simulation model and analyse crop model outputs in different agroclimatic conditions and management strategies which includes the CERES model groups.(Hoogenboom et al., 2019; Jones et al., 2003). The DSSAT CERES (Crop Environment Resource Synthesis) model has been successfully validated for estimating crop yield for a variety of crops including rice, wheat and maize under varied agroclimatic conditions (Zhang et al., 2019, Gobezie et al., 2025) . The CERES models are process-based systems that simulate crop growth and development on a daily basis. They incorporate key components such as phenology, biomass accumulation, soil water balance, and nitrogen dynamics, allowing them to estimate crop yield while accounting for yield limitations imposed by soil water and nitrogen availability(Basso et al.,2016). 

Simulation results using the CERES Rice model revealed that rice yields could potentially be increased by 11–22% in several districts through improved management practices, while also quantifying the yield losses associated with delays in planting, which ranged from 31 to 74 kg ha⁻¹ per day(Singh et al.,2016). In a similar study, Bhanusree et al. (2021) identified a mean total rice yield gap of 4932 kg ha⁻¹, highlighting the considerable unrealized productivity and the urgent need for efficient crop management interventions. The model also predicts grain yield and biological yield higher, with strong correlations between observed and simulated values (r = 0.81–0.85), including Leaf Area Index (LAI) and yield. (Mandapati et al., 2023). 
[bookmark: _Hlk209321592]The predicted yield gaps can be bridged by identification and implementation of effective management strategies. Yield gap analysis using CERES Rice model observed that among all other factors, rice fertilizer management explained about 65% of the yield variability in the crop (Saberali and Darzi‑Naftchali,2024). Model simulation results indicated that split application of the optimum nitrogen dose of 140kg/ha through irrigation water increased yield and decreased yield gap in rice varieties Jaya and Jyothi respectively. (Harithasree et al., 2023). 
Crop models can be utilized to identify yield gaps even at national levels. Environmental Policy Impact Climate (EPIC) model simulated the crop yield and yield gaps of various crops grown in Nepal. The average simulated and reported yields at the national level were found to be in the same range and the yield gaps reported were 3.0 t/ha (wheat), 2.7 t/ha (rice), 2.9 t/ha (maize), 0.4 t/ha (barley), and 0.5 t/ha (millet) respectively.(Basukala and Rasche, 2022). While EPIC can also be applied for yield estimation at field and national scales, its unique strength lies in assessing agroecological practices, soil–crop–climate interactions, and greenhouse gas emissions, making it a valuable tool for climate change adaptation and mitigation studies.

3.3.2 Resource optimization
Poor nutrient and water management in agriculture such as excessive fertilizer application, inefficient irrigation, and soil degradation contributes to climate change by increasing nitrous oxide (N₂O) (Nett et al., 2016) and methane (CH₄) emissions, depleting groundwater,(Hu et al.,2005) and reduced carbon sequestration,(Elbasiouny et al., 2022) while climate change in turn exacerbates these processes through altered precipitation regimes, higher evapotranspiration, and increased frequency of extreme events that further impair nutrient cycling and water-use efficiency.
Crop models are more and more applied to support decision-making at different scales, ranging from fertilizer recommendations for farmers on a field scale and water suppliers on a catchment scale up to a landscape or regional scale for strategic policy decision support (Kersbaum et al., 2007).
The Agricultural Production Systems sIMulator (APSIM) is a crop modeling framework designed to represent the dynamic interactions between soil, plants, and management practices within individual crops or entire cropping systems.(Wang et al., 2002). The APSIM wheat model was evaluated for its ability to predict winter wheat growth stages, biomass production, grain yield, and nitrogen (N) uptake, with the aim of improving fertilizer management(Kumar et al., 2023). Model performance for biomass accumulation and nitrogen uptake during the early growth stages (BBCH 28–49) was satisfactory, with coefficients of determination (r²) around 0.65 and root mean square errors (RMSE) of approximately 1510 kg ha⁻¹ for biomass and 28–39 kg N ha⁻¹ for N uptake. Notably, the accuracy improved further during the booting stage (BBCH 45–47).
The model simulated well the long-term corn yields response to N with an RMSE of of 19.6% before and 12.3% after calibration which provided strong evidence that important soil and crop processes were accounted for in the model. However the predicted Economic Optimum Nitrogen rate was higher(RRMSE of 44.5% before and 36.6% after calibration) owing to the exponential increases in denitrification and leaching losses under wet conditions.
In India, APSIM successfully simulated grain yield and N uptake under FYM treatments in soybean and wheat, with generally satisfactory performance in capturing water balance, soil organic carbon dynamics, and crop productivity. (Mohanty et al.,2012). In coastal West Bengal, APSIM was successfully calibrated and validated for hybrid rice, accurately simulating growth, biomass, grain yield, and N dynamics across fertilizer rates, with strong correlations between observed and simulated N in storage organs (R² = 0.94–0.96) and normalized RMSE ≤20%(Sarkar et al.,2023). Scenario analysis further indicated that optimal N requirements may rise from 160 to 200 kg ha⁻¹ under elevated CO₂ conditions, highlighting APSIM’s robustness for guiding future hybrid rice nutrient management. A notable limitation of APSIM is its inability to simulate greenhouse gas (GHG) emissions from rice fields, along with its sensitivity to nitrogen inputs (Roja et al., 2023).
The ORYZA (v3) model is a process-oriented simulation tool designed by The International Rice Research Institute (IRRI), the Philippines, Wageningen University, and the Oryza Research Center  to predict the growth, development, and yield of rice (Oryza sativa L.) across different environmental conditions and agronomic practices. The rice growth model ORYZA 2000 was adopted to simulate the yields and irrigation requirements (IR) in rice in the climate change scenario(Lu et al., 2020). The model has been used to validate the nitrogen and irrigation effect on early maturing rice varieties.(Baharrudin et al.,2025). Assimilating multivariable observation into the ORYZA 2000 model could improve rice growth and nitrogen dynamics(Li et al.,2024). 
Field trials were carried out at 20 locations in Eastern India to evaluate the soil availability, crop demand, and internal efficiency of nitrogen (N), phosphorus (P), potassium (K), and zinc (Zn) in rice. The collected data were utilized to calibrate the QUEFTS (Quantitative Evaluation of the Fertility of Tropical Soils) model, enabling site-specific and balanced fertilizer recommendations. Grain yield of rice showed good correlation with N (R 2 = 0.95), P (R 2 = 0.71), K (R 2 = 0.98) and Zn uptake (R 2 = 0.57). The NPK ratio to produce 1 Mg grain yield of rice was derived to be 6.5:1.0:6.8.(Das et al.,2009)
The most prominent individual nutrient response models that cover a range of crops are the EPIC models (Sharpley and Williams, 1990) and the DSSAT models (Hoogenboom et al., 2019; Jones et al., 2003).  EPIC model uses a single group of algorithms for simulating more than 20 crops, with each crop having its own unique parameter values. Versions of the model have been used widely to simulate soil-N dynamics on a large scale by many researchers (Huffman et al., 2001). The DSSAT group of models, on the other hand, focused more on the physiological development of crops, dealing specifically with potential yields and their dependence on the environment. These models are particularly useful in regions where weather, water, and nitrogen availability are key factors affecting crop production.(Phouc et al.,2023)
Di Bene et al. (2022) evaluated the impact of agroecological practices using the EPIC model, reporting high model performance (r = 0.96–0.97 RRMSE = 2–18%). The study found that climate change increased microbial respiration and nitrate leaching, while soil organic carbon stocks and nitrous oxide emissions were largely shaped by management practices. Notably, cover crop management emerged as an effective strategy to mitigate climate change impacts in agricultural systems.

The DSSAT CROPGRO Cotton model could effectively the optimal watering time and irrigation amount to induce drought tolerance in cotton seedlings during drought training..The results revealed that first irrigation in the range 10 to 15mm during the period 25 June to 6th July could save  approximately 57.14% in irrigation water (Wang et al.,2024). Crop growth simulation study in groundnut using the DSSAT CROPGRO model indicated that planting the crop at Nov1 at an IW/CPE ratio of 1 was ideal compared to other treatment. (Vinu, 2020). 
FAO Aquacrop is a crop model developed by FAO land and water divisions to address food security and to assess the effect of environment and management on crop production. The model is well suited to regions where water is a key limiting factor in crop production (Steduto et al., 2008).  AquaCrop is exclusively based on the water-driven growth module, in which transpiration rate is converted into biomass through a water productivity (WP) parameter(Raes et al.,2009).When compared to other crop growth simulation models, crop canopy cover is used as crop growth parameter in this model compared to leaf area index.
Mithra (2019) used FAO-AquaCrop to simulate yield, water requirement, and water productivity of cassava and sweet potato across major Indian tuber-growing regions, showing high water-use efficiency (3–8 kg m⁻³), reliable yield estimation across diverse agro-climatic zones, location-specific irrigation requirements, and potential of these tuber crops as water-efficient alternatives to staples like rice, wheat, and maize.
3.3.3 Weed control
Weeds are notorious yield reducers that are, in many cases, economically more harmful than insects, fungi or other crop pests. The total actual economic loss due to weed infestation alone was found to be higher in 10 major crops of India viz., groundnut (35.8 per cent), soybean (31.4 per cent), green gram (30.8 per cent), pearl millet (27.6 per cent), maize (25.3 per cent), sorghum (25.1 per cent), sesame (23.7 per cent), mustard (21.4 per cent), direct-seeded rice (21.4 per cent), wheat (18.6 per cent) and transplanted rice (13.8 per cent) as reported by Gharde et al. (2018). 
Weed management is essential for sustaining crop productivity and can be achieved through manual, mechanical, or chemical methods (Renton and Chauhan, 2017). Mechanical control, such as intensive tillage, can lead to soil fertility loss, nutrient imbalances, declining soil physical traits, reduced groundwater recharge, shifts in weed flora, and contribute to climate change challenges . Chemical control through herbicides improves labor efficiency and reduces crop losses (Chauhan and Gill, 2014), but indiscriminate use threatens biodiversity, pollutes water bodies, and fosters herbicide-resistant weed populations, which are associated with increased greenhouse gas emissions (Riemens et al., 2008; Hassanpour-Bourkheili, 2024).
Climate change further aggravates weed management by altering weed growth, spread, and competition with crops. Elevated temperatures, increased CO₂ concentrations, erratic monsoon patterns, drought, and dry spells can modify weed life cycles, population dynamics, and crop-weed interactions (Ramesh et al., 2017; Peters et al., 2014; Ziska and McClung, 2008). Such shifts necessitate the development of adaptive and sustainable weed management strategies
Weed population models are a useful tool that helps to predict how weed populations will change over time. By simulating the weed's entire life cycle, these models can forecast long-term population trends, which eliminates the need for lengthy and often impractical field studies.( Bagavathiannan et al.,2025). .
Integrated Weed Management Decision Support models can be developed using bioecological and agronomic data, such as daily weather, weed population dynamics, weed-management tactics (chemical, mechanical, and cultural), and crop ecophysiological needs.(Molinari et al.,2022). These can be used to compare and evaluate various Integrated Weed Management strategies.  The simulated results indicated that, when infestation is severe, it was necessary to combine the emergence of  weed-emergence flowrates the adoption of cultural management methods, such as delayed sowing times, higher sowing densities, and narrower distances between rows; chemical control methods, especially the use of a mixture of non-selective and residual herbicides, in combination with mechanical methods for effective control of Euphorbia davidii Subils at advanced development stages.(Molinari et al., 2022)
Liu et al. (2021), during the period 2019-2020 estimated the effects of Integrated weed management in Rice -Wheat cropping system using a population model of Phalaris minor. The results pointed out that the integration of a happy seeder (a tractor-mounted mulching and sowing machine) with an effective post-emergence herbicide reduced the probability of weed control failure by 32 per cent compared to the scenario with a rotavator and the same herbicide. 
Crop-weed competition models helps to provide a more precise understanding of interactions between crops and weeds. They can reveal how species traits, management practices, and environmental factors—such as resource availability and climate change—affect the competitive dynamics between crops and weeds. Mechanistic crop-weed models not only enable the evaluation of genotypes for their weed-suppressive potential but also help identify traits that enhance weed suppression without reducing yield when weeds are absent. (Bastiaans and Storkey, 2017). 
[bookmark: _Hlk173449539]Crop models also has the capability to estimate anticipated yield loss caused by various weed densities in a crop. However, using a simulation model that considers multiple factors governing crop-weed interaction provides a more precise prediction. Cousens (1985) introduced the hyperbolic yield loss-weed density equation that has been widely accepted. Kropff and Spitters (1991) took up the De Wit  hyperbola model and incorporated the relative leaf area of weeds to predict crop yield loss. The INTERCOM simulation model is another model which predicts the crop-weed competition for light based on several empirical equations which quantify radiation fluxes above the canopy, light profile within the mixed ceiling, CO2 assimilation rate, respiration, etc (Andrew and Storkey, 2017).

3.3.4 Monitoring pest and disease incidence

According to the Food and Agriculture Organization (FAO), plant diseases and pests account for 20–40% of global crop losses. Under global warming scenarios, pest-induced yield losses in wheat, rice, and maize are projected to rise by 10–25% for every degree Celsius increase in temperature (Deutsch et al., 2018). Although chemical control measures can enhance crop yields, their extensive use poses risks to human health and undermines environmental sustainability (Rai and Ingle, 2012).Models provide reliable forewarning of pest and disease outbreaks, allowing to implement effective plant protection measures. Compared to traditional approaches, which are often labor-intensive and time-consuming, models offer more accurate and efficient predictions (Liu et al., 2022; Sangeetha et al., 2025)
Ensemble methods, which integrate predictions from multiple models, are increasingly being applied in pest and disease forecasting to enhance accuracy and robustness. For instance, Singh et al. (2024) developed a dynamic ensemble model that improved prediction of yellow stem borer infestation in rice, while He et al. (2024) proposed the ELCDR ensemble approach for crop leaf disease recognition, achieving accuracy gains of 0.88–2.25 percentage points across crops compared to single-model methods.
Population dynamics models are valuable tools that helps to understand how pest populations evolve under varying environmental and ecological pressures. Neta et al. (2023) developed a temperature-dependent model for the global insect pest Bemisia tabaci and successfully validated its accuracy under field conditions. Similarly, Paul et al. (2022) combined wavelet regression with wavelet artificial neural networks to forecast spider populations in pigeon pea. Daudi et al. (2021) proposed a mathematical model to assess and mitigate the impact of fall armyworm in maize. Paul et al. (2020) demonstrated that SVR–ARIMA hybrid models outperformed individual models in forecasting sterility mosaic disease in pigeon pea
Crop–pest models are increasingly being used to estimate the Economic Injury Levels (EIL), For example, Yadav et al. (2010) applied the InfoCrop plant growth model to simulate planthopper damage in Pusa Basmati 1 rice. The model accounted for weather, soils, agronomic practices, and pest effects to determine EILs under varying pesticide costs and market prices. Results showed that EILs decreased with higher market value but increased with greater control expenditure. Iso-loss curves derived from the simulations, when combined with EIL data, proved useful for monitoring planthopper populations and guiding judicious pesticide use.
Similarly, Jorgensen et al. (2020) evaluated two risk models—Crop Protection Online (CPO) and a humidity model (HM)—for managing leaf blotch in wheat. The models recommended substantially fewer fungicide applications, saving 85–98% of treatments in dry years and 31% in wetter seasons, while maintaining yield. These examples highlight the potential of crop–pest models to support sustainable plant protection by optimizing chemical inputs and minimizing environmental risks. Researchers have developed and validated models for a variety of  crop specificdisease systems. Singh et al.,2016 developed the crop model INDO-BLIGHTCAST to forecast late blight incidence in potatoes. The model predicted late blight incidence to be within 15 days if moving cumulative effective temperature and Relative Humidity exceeded 52.5 and 525, respectively for seven consecutive days.

Soybean rust model, SOYRUST, which when run with continental USA weather data predicted potential areas for soybean rust epidemics. When disease estimates produced by model were further linked to soybean crop model, the potential losses attributable to rust epidemics were determined. Several crop models have been used to link effects of pests: for rice, MACROS, ORYZAl, CERES-Rice; for peanuts, PEANUTGRO; for soybean, SOYGRO; and for wheat, MACROS and SUCROS (Teng  et al., 1996).
 	Donatelli et al. (2017) has developed a flowchart of steps involved in the modelling of crop – pathogen and pest systems in agricultural crops which involves, survey, field experimentation, crop growth model with damage mechanism, model verification and evaluation.

3.3.5 Climate change impact assessment and adaptation
Crop models generate a better understanding of future impacts on crop production from limiting factors, such as climate variability through their outputs.
Climate projections are model-based descriptions of climate systems responses to the probable scenarios of climate forcings, distinguished from predictions of what will happen in the future (Solomon et al., 2007; Weaver et al., 2013). A climate scenario is a reasonable description of the future climate based on a range of climatological relationships and assumptions of radioactive forcing . It can be visualized by global climate models (GCMs) and regional climate models (RCMs), which are complicated three-dimensional mathematical representations to show the processes of interactions between the atmosphere, land surface, oceans and sea ice which resulted from climate Since the first Assessment Report (AR-1) of the Intergovernmental Panel on Climate Change (IPCC) in 1990, crop simulation models have been actively used for climate change impact assessment in conjunction with evolving General Circulation Models
Climate model projections coupled with process-based crop models are advocated for assessing impacts of climate change on crop yields and for informing crop-level adaptations.. Growing number of studies use local climate model projections coupled with crop growth models to inform crop management-level adaptation options to climate change, such as altering planting dates and densities, cultivars and crop species, fertiliser regimes and crop rotations or associations, and quantify their impact on crop yields (Waha et al., 2013). Changing planting dates and optimizing crop varieties can increase yields by 3-17% and up to 23%, respectively (Singh, 2023). Matthews et al. (2013) argued that crop modelling can contribute to climate change adaptation by identifying which future crop management practices will be appropriate.                                                                                                                                            
Debnath et al. (2021) evaluated the effectiveness of agronomic adaptation options on the rainfed rice yield gap for the baseline period (1981–2005) and two future periods (2016–2040 and 2026–2050) for India using bias-corrected RegCM4 output and the DSSAT model. Results suggested that a combined adjustment of transplanting time (advancing by fortnight), crop spacing (10 x 10 cm) and N-fertilizer application (140 kg ha-1) was the best strategy as compared to the single adaptation option to close the yield gap under the climate change scenario. The strategy improved rice yield by 37.5–168.0 per cent and reduced the average attainable yield gap among the cultivars from 0.74 to 0.16 t ha-1 under future climate projection. This study provided agronomic indications to rice growers and laid the basis for an economic analysis to support policy-makers in charge of promoting the sustainability of the rainfed rice-growing systems.

3.4   Integration of crop modelling with other climate smart technologies
[bookmark: _Hlk173374185]Crop modelling can be integrated with other smart farming technologies to enhance its capabilities and provide a more comprehensive approach to climate smart farming. Crop models have  proved to produce results on crop yield with more accuracy when integrated with machine learning and AI (Liu et al., 2022), IoT sensors, Remote sensing (Kadiyala et al., 2017) etc. Global studies on linking crop models with a Geographical Information System (GIS) have demonstrated the strong feasibility of crop modelling applications at a spatial scale. Most agricultural operations closely connected with natural resources that vary spatially and GIS, which is capable of using spatial data, can be very handy in environmental and agricultural modelling (Kadiyala et al., 2017).
Combining crop models with remote sensing data offers strong potential for accurately predicting crop growth and yields. Gumma et al. (2021) conducted a study to evaluate the yields of key crops at the village level (<5 km²) in the Indian states of Telangana, Andhra Pradesh, and Odisha using crop modeling and remote sensing techniques. Remote sensing data were derived from Sentinel-2 and Landsat 8 time series and calibrated with information collected directly from farmers’ fields. The study focused on rice, maize, and groundnut, using Cropping System Models (CSMs): CERES for rice and maize, and PEANUTGRO for groundnut. ) Results clearly showed a good correlation between observed and simulated crop yields (R2 is greater than 0.7) for all the crops studied

Another possible area of integration of crop modelling is in the field of Agro Advisory generation. Crop models can be leveraged to develop farm advisories with the help of IoT.  Electronic crop (e-Crop), an IoT device for smart farming developed by  ICAR-Central Tuber Crops Research Institute (CTCRI) has been granted patent by Indian Patent Office in 2024. E-Crop is an electronic crop simulator that simulates crop growth in real-time based on weather, soil moisture and nutrient status; calculates nutrient and water requirements and generates agro-advisory for the crop at a daily time scale. This crop simulation model-based device gives periodical advices to the growers about water and nutrient (nitrogen, phosphorus and potassium) requirements. The  e-Crop based smart farming (e-CBSF) has been successfully field-demonstrated for cassava, sweet potato, elephant foot yam and banana and growers could achieve higher yields with a saving on nutrients and water up to 50 per cent due to more knowledge-intensive management of spatial and temporal variabilities of soil and plant properties (Mithra, 2019).
3.5 Limitations of crop modelling
Crop models are powerful tools for simulating agricultural systems, yet they face several limitations that constrain their reliability and wider application. Their performance is often restricted by simplifying assumptions about soil, weather, and crop responses, which fail to capture the inherent variability of real field conditions. Model outputs are also highly dependent on the quality of input data, which is frequently incomplete or uncertain. Furthermore, most models are unable to fully represent the complex interactions between biotic and abiotic stresses, such as pests, nutrient imbalances, and simultaneous heat or drought events. Their transferability across regions is another challenge, as models calibrated for specific environments may not perform well under different climatic or management conditions. Finally, the limited integration of socioeconomic factors reduces their usefulness for practical decision-making in farming systems. These constraints highlight the need for continuous model refinement, improved data collection, and interdisciplinary approaches to enhance robustness and applicability.

 3.6 Future prospects

Global-scale crop model applications are required for understanding future challenges to agricultural production since production zones may shift under climate change, and individual farms and regions are connected via agricultural markets and technological development and innovation. The combination of global and regional scale analyses has been shown to help in understanding the dynamics of agricultural production systems (Rosenzweig et al., 2018). They should also be scaled up to predict crop growth at regional and global sizes, which is critical for forecasting the global effects of climate change on food security (Adarsh et al., 2023).
Future research should improve crop model accuracy by including new data sources, building novel model structures, and using more realistic climate change scenarios (Asseng et al., 2014). Dedicated research to develop and improve modelling capabilities is needed to provide guidance on designing G × M adaptation strategies with full consideration of their impacts on both crop productivity and ecosystem sustainability under climate change. Some recent model developments have uncovered opportunities to develop an integrated modelling framework to address questions about genetic improvement under climate change.
To meet the demands for assessing climate change adaptation strategies for both crop productivity and environmental sustainability, and assisting in designing new strategies, a multiscale (from gene to globe) crop modelling framework should be developed using systems approaches. Such a framework can explicitly integrate small-scale mechanisms with multi-sectoral impacts of different adaptation strategies at larger scales 
Conclusion
Current rates of yield growth and overall production are not sufficient to satisfy future demand for food, and climate change is predicted to add at least another 60 million hungry people by 2050. Models, in their most basic form, are instruments that decision-makers employ to address problems which extend beyond the regional or farm-level. Crop models have been continuously evolving over the last half-century.. Even now, these models are constantly refined to include more inputs and outcomes. The robustness of the data and precision of calibration are the primary factors that influence the accuracy of the model. The results of several studies reveal that the models have been improved for usage in a wide variety of contexts in a short span of time. The integration of crop models into national agrometeorological advisory services, crop insurance frameworks, and climate adaptation planning could help bridge the gap between research and practice. With immense future possibilities in its hand and lots of limitations to be addressed to, more research in this arena can open new doors to mend climate change impact to achieve climate sustainable future.
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