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Integrating AI and Machine Learning into Agricultural Meteorology for Sustainable and Climate-Smart Farming 
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Climate-driven uncertainties in weather patterns present serious challenges to agriculture, particularly in regions highly dependent on climatic conditions. This review discusses the role of Artificial Intelligence (AI) and Machine Learning (ML) in agricultural meteorology and their potential to enhance resilience, sustainability, and productivity in farming systems. It highlights how AI and ML contribute to improved weather forecasting, optimized use of agricultural inputs such as water and fertilizers, and more accurate crop yield predictions by integrating complex environmental datasets. The review further examines applications in early detection of extreme weather events, pest and disease outbreaks, and climate-resilient crop planning supported by adaptive variety recommendations. In addition, it explores how the integration of IoT data, satellite imagery, and ground-based observations enables AI-driven decision-support systems for farmers. Finally, the paper synthesizes existing research while addressing challenges such as data scarcity, infrastructural limitations, ethical concerns, and accessibility issues, offering insights into the long-term potential of AI and ML in ensuring food security under changing climatic conditions. By bridging technological innovations with practical agricultural strategies this review underscores the transformative impact of AI and ML in supporting sustainable, climate-smart and precision agriculture initiatives globally.
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INTRODUCTION
Agricultural meteorology serves as a critical foundation for climate and weather-based decision-making in farming. With climate change intensifying risks such as extreme weather events, rising temperatures, and erratic rainfall, agriculture faces growing threats to crop productivity, food security, and farmer livelihoods, particularly in vulnerable regions. Addressing these challenges requires accurate, location-specific, and timely forecasts. The integration of Artificial Intelligence (AI) and Machine Learning (ML) into agricultural meteorology provides powerful solutions to manage climate risks and strengthen resilience1. Climate-Smart Agriculture (CSA) is an approach aimed at transforming agricultural production systems and value chains to ensure sustainable development and food security under climate change. It involves context-specific practices tailored to local needs, integrating multiple elements for effective application. To strengthen food security, agricultural systems must become more productive, resource efficient and resilient to an expanding range of climate related risks 2,3. 
AI and ML techniques can analyse vast datasets generated from remote sensing systems, automated weather stations, IoT-enabled field sensors and historical records. By detecting trends and patterns, they generate actionable predictions that enable climate-resilient agriculture. These models enhance the prediction of meteorological variables such as rainfall, temperature, humidity and wind speed, while also supporting crop yield forecasting and early detection of pest and disease outbreaks, droughts and insect infestations. Thus, AI and ML are emerging as transformative approaches to precision agriculture, enhancing decision-making and risk management 4. Like other sectors reshaped by globalization and digital innovation, agriculture is being revolutionized by AI-driven technologies. Agrometeorology, the discipline linking agriculture with weather and climate processes is rapidly evolving through automation and AI-powered algorithms. These innovations enable fast processing of large, complex datasets providing timely insights to cope with climate variability and extreme events. Advanced methods such as Support Vector Machines (SVM), Random Forests, and Long Short-Term Memory (LSTM) networks improve the accuracy of weather forecasting, while Artificial Neural Networks (ANN), Convolutional Neural Networks (CNN) and XGBoost integrate crop, soil and weather information for yield prediction and farm-level planning.
Beyond forecasting, AI supports tailored advisory systems, efficient water and fertilizer use, pest and disease management and optimized harvesting. Automated drought and flood prediction systems further strengthen early warning capacities and disaster preparedness5. The fusion of multi-source data including satellite imagery, UAV (drone)-based monitoring and soil moisture sensors allows AI systems to capture microclimatic variations critical for site-specific farm management. Looking ahead, AI and ML are expected to significantly advance local and regional weather and climate predictions, equipping farmers with evidence-based tools that improve productivity, sustainability and resilience in the face of climate change. Furthermore, these approaches support policy-level decision-making by providing aggregated climate risk assessments and scenario-based projections for regional food security planning.
Why this paper?
The rationale for this study stems from the urgent need to strengthen agricultural meteorology in the face of accelerating climate change and increasing climate variability. Traditional forecasting and advisory systems are valuable but often fall short in capturing complex nonlinear interactions between weather, crops and soil, which limits their effectiveness for farmers and policymakers. At the same time Artificial Intelligence (AI) and Machine Learning (ML) have emerged as powerful tools with the ability to process vast datasets, identify hidden patterns and generate highly accurate real-time predictions. Although research on AI and ML applications in agriculture and meteorology exists, there is a lack of integrated synthesis that specifically addresses their combined role in supporting climate-smart and sustainable farming. This paper aims to fill that gap by reviewing current advancements, evaluating opportunities and challenges and providing insights into how AI- and ML-powered systems can transform agricultural meteorology into a more resilient, data-driven and farmer-centric discipline.




Application of AI and ML in Agricultural Meteorology
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Fig. 1: Flowchart of application of AI and ML in agricultural Meteorology
1. Accurate weather forecasting
Artificial Intelligence (AI) and Machine Learning (ML) techniques such as Random Forests, Support Vector Machines (SVM), Artificial Neural Networks (ANN) and Long Short-Term Memory (LSTM) networks are increasingly applied in agricultural meteorology, offering improved location-specific forecasts of temperature, rainfall, humidity and wind speed compared to conventional Numerical Weather Prediction (NWP) models6. AI and ML are increasingly used in weather forecasting, supporting applications from short-term nowcasting and monsoon prediction to extreme event detection and climate analysis. Hybrid frameworks combining NWP with data-driven approaches such as Model-Driven Models (MDMs), Data-Driven Models (DDMs) and AI-hybrid models to enhance forecast reliability by integrating methods like LSTM, RNN, Random Forests and SVMs. These approaches also improve data assimilation, uncertainty quantification and post-processing, offering more robust predictions under dynamic atmospheric conditions7.
An AI and big data-driven framework for intelligent early warning systems has been proposed, demonstrating enhanced real-time monitoring, fault prediction and risk management in smart grids, while also highlighting challenges related to data privacy, model interpretability and system responsiveness8. Artificial Neural Networks (ANNs) and Long Short-Term Memory (LSTM) networks are particularly effective for capturing the non-linear and complex dynamics inherent in meteorological datasets, making them suitable for weather prediction. For example, an LSTM-based model achieved 76% accuracy in rainfall forecasting in Bangladesh using variables such as temperature, wind speed and atmospheric pressure9. The effectiveness of three artificial intelligence (AI) models Convolutional Neural Network (CNN), Long Short-Term Memory (LSTM) and Wavelet Decomposition combined with Adaptive Neuro-Fuzzy Inference System (WANFIS) was assessed for predicting floods and droughts in arid (Lower Darling River Basin) and tropical (Sekong River Basin) regions. Their results showed that the CNN model consistently delivered superior performance for flood forecasting across both climatic zones10. A machine learning model was developed for lightning prediction using station-level data on air pressure, temperature and relative humidity, contributing to more accurate climate modeling11. According to McGovern et al. (2017)12, the data processing and collection capabilities of artificial intelligence help narrow the gap between model predictions and real-world conditions, leading to more accurate future forecasts. In summary, integrating artificial intelligence with numerical climate simulation data helps bridge observational gaps, thereby reducing uncertainty and bias in climate predictions13. Artificial intelligence helps decrease uncertainties in forecasts and accelerates the execution of predictions. It can identify complex geographic variables that are difficult for humans to analyse enabling the development of more precise climate models.
2. Crop yield prediction
Crop yield forecasting can be significantly improved by integrating diverse datasets from multiple sources including meteorological, soil, remote sensing and crop management information14 . Weather parameters such as rainfall, temperature, humidity and solar radiation provided by the Indian Meteorological Department (IMD) are commonly used to simulate environmental conditions. Soil attributes (pH, organic carbon, nutrient content) from NBSS\&LUP along with vegetation indices and land surface temperature from MODIS and Landsat enhance crop health monitoring and yield forecasting. Incorporating crop management practices and historical yield data further improves model accuracy. Machine learning methods such as LR, SVR, RF, ANN and CNN have been widely applied for rice yield prediction, while CNNs show strong potential for remote sensing applications. In contrast, simpler linear models perform poorly underscoring the effectiveness of advanced AI approaches in capturing complex agricultural dynamics14. Weather-based models demonstrate strong potential for rice yield forecasting with advanced techniques showing clear advantages. A study across eleven Karnataka districts (1980-2021) found that ANN consistently outperformed SMLR achieving an average yield deviation of 4.1% compared to 16% for SMLR15. While ANN slightly underestimated yields in Mysuru and overestimated in Ballari, its errors were considerably smaller than those of SMLR (e.g., 35% deviation in Udupi). The superior performance of ANN lies in its ability to capture nonlinear interactions among weather variables, making it a more reliable tool for rice yield prediction under climate variability15. Although more time consuming to develop than multiple linear regression models, ANN models proved to be superior for accurately predicting rice yields under different climatic conditions16.
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Fig. 2. Graphical representation of the established neural network for rice yield forecasting, Z indicates the weather indices used for the forecast15.
A comparative assessment of statistical and machine learning approaches for cotton yield forecasting in Karnataka (1990-2023) showed that ANN achieved high accuracy with yield deviations generally within ±10% during both vegetative (F1) and mid-growth (F2) stages17. Deviations ranged from -6.2% in Gadag to +7.8% in Ballari (F1) and -5.5% in Belagavi to +8.6% in Kalaburagi (F2) supported by low RMSE, nRMSE and high model efficiency. Morning relative humidity in interaction with temperature was identified as a key yield determinant. These results highlight ANN’s robustness and location-specific reliability for cotton yield forecasting under varied agroclimatic conditions17. In general, ANN exhibited superior potential for assessing how rice yield is influenced by tillage and soil conditions18. Agarwal and Tarar (2021)19 proposed a hybrid model for crop yield prediction that combines machine learning (SVM) with deep learning techniques (LSTM and RNN). This approach aims to help farmers make informed decisions by identifying the most suitable crop based on soil and climatic conditions, while also accounting for soil nutrient requirements and production costs. Morales and Villalobos (2023)20 examined how predictive algorithms, data volume and partitioning strategies affect machine learning performance in crop yield forecasting. Using synthetic datasets from biophysical crop models to simulate sunflower and wheat yields across Spanish regions, they emphasized the need to benchmark results against a baseline and cautioned against random data partitioning. Combining machine learning and deep learning algorithms has become a common strategy to improve crop yield forecasting. Ensemble approaches that integrate Random Forest, Gradient Boosting and regression methods have shown higher accuracy for crops such as maize, cereals and potatoes 21,22. Hybrid deep learning frameworks such as CNN-LSTM and CNN-RNN have been successfully applied to soybean, corn, wheat and cocoa yield prediction, demonstrating superior performance over single models 23,24,25. Neural network based models generally achieve high predictive accuracy, but their “black-box” nature limits interpretability. Future research should focus on explainable deep learning methods to enhance transparency in agricultural forecasting26.
3. Efficient resource use
Artificial intelligence has increasingly established itself as a transformative tool in the energy sector, presenting new opportunities and challenges for enhancing energy efficiency and advancing sustainable development27,28.AI-driven smart irrigation systems have demonstrated notable efficiency in reducing water consumption, thereby conserving resources for other essential uses. By utilizing soil sensors these systems collect real-time information on soil moisture and prevailing weather conditions. AI algorithms then process the data to guide precise irrigation scheduling, ensuring water is applied according to actual crop needs. This technology not only improves water-use efficiency but also promotes sustainable agricultural practices29. A Smart Irrigation Decision Support System (SIDSS) was developed to optimize agricultural water use by estimating weekly irrigation needs from real-time weather and soil data30. The system employed Partial Least Squares Regression (PLSR) and an Adaptive Neuro-Fuzzy Inference System (ANFIS) to forecast irrigation demand in citrus orchards in semi-arid southeastern Spain. ANFIS achieved higher accuracy in weekly forecasts due to its responsiveness to short-term variations, while PLSR performed better for seasonal predictions and proved more robust with smaller datasets owing to its linear structure. Incorporating soil information substantially improved model performance by reducing weekly average error by 22% compared to weather-only approaches while closely aligning predicted and observed values over a 72-week period. Overall, SIDSS reduced total irrigation requirements by 22% relative to conventional methods based on historical weather data. The study highlights the importance of real-time sensor-based closed-loop systems and identifies ANFIS as a suitable choice for long-term, data-rich agricultural applications30. An AI-enabled smart irrigation and fertigation system was designed with an emphasis on meeting farmer’s needs from a human development perspective. The framework operates in three stages: soil moisture and nutrient prediction using machine learning, weather forecasting through a Fuzzy Inference System (FIS) and automated scheduling of irrigation and fertigation. IoT integration is achieved via a sensor circuit that records environmental and soil parameters such as air temperature, humidity, wind speed, atmospheric pressure, soil moisture and nutrient levels. Data collected by an ESP8266 microcontroller is transmitted over Wi-Fi and powered through solar energy, ensuring sustainability. Real-time information is stored in the cloud, enabling farmers to monitor operations remotely via computers or mobile devices. Water and fertilizer are automatically delivered in precise amounts through pumps connected to drip or sprinkler systems. By improving input efficiency, reducing costs and enhancing yields, the system also facilitates long-term agricultural planning through data logging31.
4. Extreme weather alerts
Climate change is intensifying the occurrence and severity of extreme weather events creating serious threats to ecosystems, infrastructure and human well-being. Although Numerical Weather Prediction (NWP) models remain valuable, they are constrained by high computational demands, limited real-time responsiveness and challenges in capturing nonlinear climate dynamics. Artificial Intelligence (AI) especially deep learning techniques provides a promising pathway to improve forecasting accuracy and strengthen early warning systems32. AI offers strong potential for improving the detection and management of extreme weather, thereby enhancing disaster preparedness. A proposed framework integrates reanalysis and observational data with preprocessing, modelling and interpretation steps33. Machine learning and computer vision support pattern recognition while explainable AI and causal inference improve transparency. Natural language processing further aids in extracting insights from climate literature. Together, these components enable forecasting, trend analysis and attribution studies underscoring the need for multidisciplinary collaboration in developing reliable AI-driven tools for disaster risk reduction33. Machine learning techniques have become essential in climate modelling with supervised algorithms such as Random Forests and SVMs widely applied for drought prediction and temperature forecasting while unsupervised methods support the discovery of hidden patterns in large unlabelled climate datasets34.
Deep learning approaches particularly Convolutional Neural Networks (CNNs) have shown strong potential in processing spatial climate data enabling more accurate cyclone tracking and wildfire detection. Recent advances also include the adaptation of transformer architectures for spatiotemporal forecasting and further enhancing predictive capabilities35. Transformer-based models such as DeepMind’s MetNet-3 represent a breakthrough in precipitation and extreme weather prediction demonstrating remarkable accuracy and offering a promising complement to traditional Numerical Weather Prediction (NWP) systems36. In addition physics-informed neural networks (PINNs) integrate governing equations like the Navier-Stokes laws into machine learning frameworks ensuring that predictions remain physically consistent. This hybrid approach improves the reliability of climate simulations and bridges the gap between data-driven and physics-based modelling37. The combination of the Quantile Perturbation Method (QPM) with LSTM networks has shown high effectiveness in forecasting extreme rainfall anomalies. In the Ajay River basin (1901-2022) QPM identified oscillatory patterns in extreme events which were modelled using LSTM achieving superior accuracy compared to QPM-ANN and QPM-SVR. This highlights the strength of LSTM in capturing complex rainfall variability and its potential as a reliable tool for water resource management and disaster risk reduction in regions vulnerable to extreme precipitation38. Extreme weather events such as floods, droughts, and heatwaves pose significant threats to agriculture. AI models including ensemble machine learning algorithms and deep learning networks can analyse historical weather patterns alongside real-time sensor data to forecast these events with higher precision. Early warning systems powered by AI allow farmers and policymakers to implement timely mitigation strategies, minimizing crop losses and improving resilience.



5. Pest and disease forecasting
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Fig. 3. workflow of AI trained model for insect pest management40.
The seamless integration of IoT, machine learning (ML) and artificial intelligence (AI) enhances the effectiveness of modern agricultural systems by enabling proactive disease management, optimizing resource use, reducing crop losses and ultimately improving yields39. AI-driven systems can detect early signs of pest infestations and crop diseases using image recognition and sensor data. UAVs and satellite imagery, processed through machine learning algorithms, can identify affected areas quickly, enabling targeted interventions. Such predictive monitoring reduces pesticide use, lowers costs, and minimizes environmental impacts, aligning with sustainable farming practices. An intelligent pest control system integrating audio, video and image data with neural frameworks (ANNs, CNNs, LSTMs, RNNs) enables accurate pest detection by specializing models for different inputs40. Real-time monitoring via IoT and automated pesticide application only when required reduces human intervention, curtails excessive chemical use and promotes sustainable pest management40. An optimized YOLOv5s framework integrated with UAVs achieved high accuracy in pest detection (96% precision, 93% recall, 95% mAP) across five species outperforming traditional methods and earlier models41. This approach enables real-time reliable monitoring while reducing labour and supporting efficient data-driven pest management41. The integration of IoT with AI and ML has transformed agricultural forecasting by enabling real-time data collection from remote sensors thereby improving efficiency, decision-making and sustainability in crop production42. Communication technologies such as LoRa, Zigbee, Bluetooth, WiFi and cellular networks provide the backbone for IoT-based systems supporting AI-driven yield forecasting through seamless data transfer under diverse field conditions43. Machine learning, a subset of AI applies algorithms to learn from agricultural datasets offering valuable insights for yield prediction and automating critical steps while deep learning further enhances forecasting capabilities by extracting complex features from large-scale data44. AI combined with big data and advanced satellite systems such as CHIME and NASA’s SBG offers significant potential for automated disease detection and climate change adaptation by enhancing plant health monitoring and impact prediction 45,46.
6. Climate resilient crop planning
An integrated AI-driven framework for climate-resilient agriculture combines satellite, weather, soil and sensor data with algorithms such as Random Forest, XGBoost, CNNs and LSTMs to generate yield forecasts and climate impact analyses. The system translates outputs into actionable recommendations via decision-support platforms accessible through web and mobile interfaces. Model evaluations showed XGBoost as most effective for rice (93.1% accuracy), Random Forest for maize (91.2%), and SVM moderately effective for tomato (87.4%) highlighting the potential of such layered frameworks to deliver accurate crop-specific forecasts for sustainable agriculture47.  Satellite imagery and causal machine learning can be used to evaluate global crop rotations showing that their benefits depend strongly on weather conditions48. Some studies introduced AgroXAI, an edge-computing explainable AI system that recommends appropriate crops for a region based on current weather and soil parameters. By integrating explainability tools like SHAP and LIME, the framework offers transparent, region-specific crop diversification guidance emphasizing both precision planning and adaptability amid climate challenges49.
Farmer Decision Support
A digital agrometeorological advisory platform integrates AI, machine learning and data analytics to deliver timely, data-driven insights for climate-resilient farming. Functioning as a Farmer Decision Support System, it enhances advisory services by reducing post-harvest losses fostering financial inclusion and promoting climate-smart practices. Integration of AI with decision-support platforms and mobile applications empowers farmers with real-time recommendations bridging the gap between scientific insights and field-level implementation. User adoption varies from low due to high costs and incompatibility to medium with financial access but low awareness to high with strong initial uptake though some later disengage. With advancing digital infrastructure such platforms are expected to evolve into real-time personalized tools essential for sustainable and economically viable agriculture50. AI-driven data analytics tools support farmers in making smarter decisions by processing vast datasets such as historical records, weather patterns and market trends. These tools generate actionable insights that enable farmers to optimize planting schedules, manage inventory, forecast market demand and adopt data-driven strategies to boost both productivity and profitability 51,52,53. 
CONCLUSION
Artificial Intelligence (AI) and Machine Learning (ML) are transforming agricultural meteorology. Recent advancements in cloud computing and high-performance analytics have further enhanced the capacity of AI models to process large-scale heterogeneous datasets enabling more precise and localized agricultural forecasts. By revealing hidden patterns in data they allow more accurate forecasts, smarter resource allocation and practical guidance for farmers. Applications range from predicting rainfall and crop yields to scheduling irrigation and managing pests. Despite these advances adoption is uneven, hindered by gaps in digital access, high computing requirements, limited expertise and concerns over data privacy. Addressing these challenges calls for interdisciplinary collaboration, inclusive digital policies and targeted investment in infrastructure and training. When applied thoughtfully AI and ML can drive sustainable agriculture, strengthen food security and protect livelihoods in a changing climate.
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