


Review Article
Artificial Intelligence and Machine Learning for Resource Optimization in Agriculture - A Review




Abstract
Efficient management of agricultural resources is increasingly important due to growing food demand, climate variability and limited land and water availability. Artificial intelligence (AI) and machine learning (ML) are emerging as powerful tools to enhance resource optimization in modern agriculture. These technologies support data-driven decision making by integrating data from soil sensors, weather forecasts, satellite imagery and Internet of Things (IoT) devices. This enables precise crop monitoring and timely farm management practices. AI and ML applications such as crop yield prediction, pest and disease detection, smart irrigation, weed control and nutrient management help reduce input wastage while maintaining or improving productivity. They allow real-time, site-specific interventions, helping farmers respond effectively to climate uncertainties and resource limitations. However, challenges like high implementation costs, lack of technical knowledge, data security issues and poor infrastructure especially in developing regions limit adoption. To overcome these barriers, farmer training, supportive government policies, and transparent data governance are essential. Overall, AI and ML offer a promising pathway toward sustainable agriculture, improved profitability, and long-term food security.
Efficient management of agricultural resources has become increasingly important due to rising food demand, climate variability and the limited availability of land and water. In this context, artificial intelligence (AI) and machine learning (ML) are emerging as valuable tools for improving resource optimization in modern agriculture. This review presents a comprehensive overview of how artificial intelligence and machine learning based approaches support data-driven decision making in crop production systems. By integrating information from soil sensors, weather data, satellite imagery and Internet of Things (IoT) devices, these technologies enable precise monitoring and timely management of crops. Applications such as crop yield prediction, pest and disease detection, smart irrigation, weed management and nutrient optimization demonstrate significant potential to reduce input wastage while maintaining or improving productivity. AI-driven systems allow site-specific and real-time interventions, helping farmers adapt to climatic uncertainties and resource constraints. Despite these advantages, challenges related to high implementation costs, limited technical knowledge, data security concerns and inadequate infrastructure, particularly in developing regions, restrict widespread adoption. Addressing these issues through farmer training, supportive policies and transparent data governance is essential. Overall, the integration of AI and ML in agriculture offers a promising pathway toward sustainable resource use, enhanced farm profitability and long-term food security.
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1. INTRODUCTION
Agriculture is undergoing a profound transformation driven by rapid advancements in digital and intelligent technologies, particularly artificial intelligence (AI) and machine learning (ML). These technologies have become integral to the evolution of smart agriculture, a modern farming paradigm that emphasizes data-driven decision-making to enhance productivity, resource efficiency and environmental sustainability. By interpreting these diverse datasets (soil properties, crop growth dynamics, weather conditions and resource availability), farmers can make informed and timely management decisions, thereby improving crop performance and optimizing input use (Sharma et al., 2023).
The growing importance of AI and ML in agriculture is closely linked to emerging global challenges. With the world population projected to reach nearly 9.7 billion by 2050, agricultural systems are under immense pressure to meet rising food demand despite shrinking arable land and limited freshwater resources (Chen, 2025). At the same time, climate change has increased the frequency and intensity of weather extremes, making agricultural production more uncertain and vulnerable. Florentin and Barcellano (2024) emphasized that such climatic variability poses serious threats to food security and necessitates the adoption of advanced technological solutions to strengthen agricultural resilience. In this context, AI and ML offer powerful capabilities for agricultural resource optimization.
[image: ]Figure 1: Applications of AI and ML in Modern Agriculture



These technologies can process large volumes of complex data to identify patterns and generate predictive insights that support efficient crop management. AI-based models are increasingly used to forecast yields, detect pest and disease outbreaks and recommend optimal irrigation, fertilization and pesticide strategies (Miller et al., 2025). Such applications contribute significantly to improving input use efficiency while minimizing environmental impacts. Akhter and Sofi (2022) highlighted that AI-driven decision support systems have the potential to bridge the gap between increasing food demand and constrained natural resources by enabling precise and timely interventions in farming practices. Furthermore, the integration of AI and ML with emerging technologies such as the Internet of Things (IoT) has strengthened the effectiveness of smart agriculture. Real-time monitoring of soil and crop conditions through smart sensors facilitates site-specific management and sustainable resource use (Sheshagiri et al., 2026). Studies by Ramirez (2025) and Priyanka et al. (2024) demonstrated that AI-enabled systems and machine learning models can significantly enhance irrigation scheduling, nutrient management and climate risk assessment. Similarly, Singh et al. (2025) reported that hybrid AI-IoT frameworks can substantially improve crop performance while reducing resource consumption.
Several challenges, including data limitations, high technological costs, infrastructural constraints and restricted access for smallholder farmers need to be addressed, continue to hinder the widespread adoption of AI-based agricultural systems. Therefore, a comprehensive understanding of the opportunities, limitations and prospects of AI and ML in agricultural resource optimization is essential for developing sustainable and resilient food production systems.
2. AI and ML Based Techniques for Enhancing Precision Agriculture Practices
Artificial intelligence (AI) and machine learning (ML) are increasingly reshaping modern agriculture by improving the efficiency and sustainability of natural resource use. Within precision agriculture, these technologies support a shift from traditional experience-based farming toward data-driven decision-making (Padhiary et al., 2024). By integrating information from sensors, drones, satellites and weather-monitoring systems, AI and ML provide detailed insights into crop and environmental conditions, enabling more precise application of water, fertilisers and pesticides (Ali et al., 2025 and Sharma et al., 2025). The strength of advanced computational tools lies in their ability to analyse large and complex datasets and transform them into practical recommendations for farmers. Continuous monitoring of soil moisture, temperature and atmospheric variables allows accurate scheduling of irrigation and nutrient application, ensuring that crops receive appropriate inputs at critical growth stages. Akhter and Sofi (2022) demonstrated that predictive models can anticipate pest infestations and disease outbreaks by combining historical data with real-time field observations, enabling timely interventions that reduce crop losses and limit excessive chemical use.
Machine learning applications have also shown strong potential in crop monitoring and management. Nagendran et al. (2023) reported high accuracy in paddy crop mapping using satellite imagery and ML algorithms, highlighting the value of remote sensing for large-scale agricultural assessment. Similarly, Zhou et al. (2024) showed that variable-rate fertilization strategies reduce nitrogen inputs while improving crop yield and economic returns, demonstrating both productivity and environmental benefits. Prity et al. (2024) further emphasized the effectiveness of ML-based crop recommendation systems, where ensemble models achieved high predictive accuracy and supported informed crop management decisions. In addition, automation of agricultural operations such as sowing, irrigation and harvesting improves efficiency, reduces labour dependence and enhances consistency in farm practices. Bhat and Huang (2021) reported that intelligent farming systems lower production costs while promoting sustainable agriculture, contributing to improved crop performance and optimized resource utilization. Collectively, these studies confirm the transformative role of AI and ML in advancing precision agriculture and sustainable farming systems.
Table 1: AI and ML Based Technologies in Precision Agriculture: Platforms, Algorithms and Outcomes
	S No
	Crop/System
	Agricultural Operation
	Platform
	Algorithm Used
	Resource Optimization Achieved
	Reference

	1
	Groundnut, Paddy
	UAV fertilizer & pesticide spraying
	UAV
	Sensor-based control
	Reduced time & labour
	Yallappa et al., 2017

	2
	Orchards
	UAV-based pesticide spraying
	UAV sprayer
	MSM
	Reduced labour & chemical wastage
	Gao et al., 2019

	3
	Citrus
	Smart tree sprayer
	LiDAR-based sprayer
	CNN
	Precision chemical application
	Partel et al., 2021


MSM- Multispectral Model, LiDAR-Light Detection and Ranging,                                    CNN-Convolutional Neural Network, UAV-Unmanned Aerial Vehicle
3. Predictive Modeling of Crop Yield Using AI and ML
Accurate prediction of crop yield plays a crucial role in improving farm planning and ensuring the efficient use of agricultural resources. With the growing complexity of agricultural systems and increasing climate variability, conventional yield estimation methods based mainly on historical records and farmers’ experience are often inadequate. In this context, artificial intelligence (AI) and machine learning (ML) have emerged as powerful tools for analysing large volumes of agricultural data, including soil properties, weather conditions, crop management practices and biotic stress factors. These data-driven approaches enable more precise and timely yield forecasts, thereby supporting proactive decision-making in modern agriculture (Mahesh & Soundrapandiyan, 2024 and Adinarayana et al., 2024).
Machine learning models such as artificial neural networks, support vector machines and random forest algorithms are widely used to integrate information from diverse sources, including soil sensors, meteorological data and satellite imagery. By identifying complex relationships among environmental and agronomic variables, these models help farmers optimize critical management practices such as sowing time, irrigation scheduling and nutrient application. As a result, resource-use efficiency is improved and unnecessary input costs are reduced, contributing to more sustainable crop production systems (Shaikh et al., 2022). Moreover, the incorporation of both historical and real-time datasets in AI-based yield prediction frameworks enhances strategic planning and strengthens the ability of farmers to respond effectively to changing environmental conditions (Ghosh et al., 2024).
[image: ]Figure 2: Yield mapping: (a) sensing for yield (b) example of raw yield map versus interpolated yield map using GIS (Cillis et al., 2018)



The use of remote sensing technologies, particularly drones and satellite-based monitoring systems, further improves the reliability of crop yield prediction by providing detailed and real-time information on crop health, nutrient status and stress indicators. These technologies enable early identification of potential yield constraints and facilitate timely interventions in irrigation, fertilization and pest management. Consequently, farmers can minimize yield losses, optimize resource utilization and maintain stable productivity, thereby supporting sustainable and resilient agricultural practices (Senoo et al., 2024).


4. AI-Driven Pest and Disease Detection in Crops Using ML Algorithms
Crop pests and diseases continue to be a major limitation to agricultural productivity worldwide, causing significant yield reductions and posing serious threats to food security. Early and accurate detection is therefore essential for effective crop protection and sustainable farming practices. Conventional disease and pest identification largely depends on manual field inspections, which are time-consuming, subjective and often impractical for large-scale farming systems. In response to these challenges, machine learning (ML) based image analysis has emerged as a reliable and efficient alternative, enabling automated detection of pest infestations and disease symptoms from crop images. Early evidence of this potential was provided by Seelan et al. (2003), who demonstrated that spatial image analysis could successfully relate insect infestation intensity to variations in crop yield, highlighting the usefulness of remote sensing techniques for early pest damage assessment.
With recent advancements in deep learning, the accuracy and applicability of         image-based detection systems have improved considerably. Using multispectral drone imagery, Osorio et al. (2020) demonstrated that high-resolution Red-Green-Blue images combined with deep learning models could accurately distinguish crops from weeds in lettuce fields, forming a strong basis for identifying crop stress linked to pests and diseases. In a related study, Ghazal et al. (2024) showed that advanced vision-based architectures, including Vision Transformers and Efficient-Net, achieved high accuracy in detecting nitrogen stress in maize, which is often associated with increased vulnerability to pest and disease attacks.
Convolutional neural networks (CNNs) have become central to plant health monitoring due to their ability to extract detailed spatial and spectral features from leaf images. According to Pacal et al. (2024), CNN models such as VGG-16 and Google-Net were able to differentiate healthy and diseased rice leaves with accuracies exceeding 91% after data augmentation.     Real-time detection capabilities have also improved, with Ghosh et al. (2024) demonstrating the effectiveness of YOLO and Mask R-CNN in localizing pest-affected regions under complex field conditions. Beyond image data alone, Sharma et al. (2020) emphasized the role of large annotated datasets in enabling early disease detection, while Waseem et al. (2024) highlighted that integrating micro-climatic variables such as temperature and humidity supports targeted interventions. Collectively, these image-driven ML approaches enhance pest and disease monitoring while promoting efficient and sustainable agricultural management.


Table 2: Machine Learning Applications in Crop Disease Monitoring: Platforms, Algorithms and Outcomes
	S No
	Crop
	Agricultural Operation
	Platform
	Algorithm Used
	Resource Optimization Achieved
	Reference

	1
	Tomato
	Crop health detection
	Raspberry Pi + IoT
	VGG + TensorFlow
	Early disease/stress identification
	Padhiary et al.,
2023

	2
	Citrus
	Aerial disease monitoring
	UAV
	SVM
	Timely pesticide application
	Sarkar et al.,
2016

	3
	Strawberry
	Disease detection
	Mobile robot
	SVM
	Reduced unnecessary pesticide use
	Ebrahimi et al., 2017


UAV-Unmanned Aerial Vehicle, VGG-Visual Geometry Group Network, IoT-Internet of Things, SVM-Support Vector Machine
5. Optimizing Water Usage and Irrigation using Smart Agriculture 
Water scarcity remains a major constraint in agriculture, particularly in arid and       semi-arid regions, making efficient water management critical for both crop health and environmental conservation. Traditional irrigation practices often result in overuse or uneven distribution of water, leading to resource wastage and suboptimal crop growth. Advanced technologies such as artificial intelligence (AI) and machine learning (ML) can address these issues by tailoring water application to the specific needs of crops in real time. As highlighted by Lakhiar et al. (2024), AI-driven irrigation systems use soil moisture sensors and weather data to determine precise water requirements for each field, ensuring optimal delivery while avoiding under or over-irrigation.
These systems continuously analyze information from the soil, crop conditions and climatic factors to automatically adjust irrigation schedules. Shaikh et al. (2022) emphasized that such intelligent systems not only prevent water wastage but also help maintain crop health by providing hydration exactly when and where it is needed. In addition, AI models can predict future water requirements by examining historical climate data and upcoming weather patterns, enabling farmers to plan irrigation during potential droughts or periods of heavy rainfall (Adinarayana et al., 2024). Integrating AI with drones, satellites and other precision agriculture tools further allows large-scale monitoring and fine-tuned water management across diverse soils and terrains. Consequently, AI-enabled irrigation optimizes water use, reduces costs, enhances crop yields and promotes both economic and environmental sustainability       (Lakhiar et al., 2024).
Table 3: Smart Irrigation Systems Using AI and Machine Learning for Water Conservation
	S. No.
	Agricultural Operation
	Platform / Technology
	AI / ML Algorithm
	Resource Optimization Achieved
	Reference

	1
	Irrigation scheduling
	IoT sensors + ET model
	PLSR, Regression
	Improved water use efficiency
	Choudhary et al., 2019

	2
	Automated irrigation control
	ANN controller
	Backpropagation ANN
	Optimized irrigation timing
	Umair and Usman et al.,  2010

	3
	Smart irrigation system
	Wireless sensor network
	Fuzzy Logic
	Reduced water wastage
	Kia et al.,      2009

	4
	Evapotranspiration prediction
	ANN (MLP)
	Levenberg–Marquardt
	Reduced evaporation loss & energy saving
	Karasekreter et al., 2013

	5
	Drought prediction
	Arduino + Sensors
	Machine Learning
	Early water stress detection
	Arvind et al., 2017


AI-Artificial Intelligence, ML-Machine Learning, IoT-Internet of Things,                         ET-Evapotranspiration, PLSR-Partial Least Squares Regression, ANN-Artificial Neural Network, MLP-Multilayer Perceptron
6. Weeding using smart AI sensors 
Weeds remain a major challenge in agricultural production because they compete with crops for nutrients, water and light, leading to higher production costs and substantial yield losses. In India, the economic impact of weeds is considerable, with annual losses estimated at around 11 billion US dollars, as reported by Gharde et al. (2018). Therefore, efficient weed management is essential not only to enhance crop productivity but also to ensure the judicious use of agricultural inputs. Conventional weed control practices are largely based on broadcast application of herbicides over entire fields, which often results in excessive chemical usage, increased expenditure and negative effects on the environment.
Recent advances in AIartificial intelligence and MLmachine learning have introduced more precise approaches to weed management, enabling targeted identification and control of weeds at the field level. By employing image-based techniques and neural network models, weeds can be distinguished from crops with high accuracy. In this process, field images are captured and subjected to preprocessing and feature extraction, followed by segmentation using deep convolutional neural networks, as demonstrated by Yu et al. (2019). Such approaches make it possible to apply herbicides only in weed-infested areas, thereby reducing unnecessary chemical inputs and improving the efficiency of resource use.
Table 4: AI Techniques for Efficient Weed Detection and Herbicide Optimization
	S No
	Crop
	Agricultural Operation
	Platform
	Algorithm Used
	Resource Optimization Achieved
	Reference

	1
	Rice
	Crop–weed discrimination
	Agricultural robot
	SVM
	Reduced herbicide misuse
	Cheng et al.,
2015

	2
	Sugar beet
	Autonomous laser weeding
	Weeding robot
	Machine Vision
	Reduced chemical herbicide use
	Bakker et al., 2006

	3
	Pepper
	Precision weed management
	Smart sprayer
	Machine Vision + AI
	Targeted herbicide application
	Partel et al., 2019

	4
	Broccoli
	Weed identification
	Tractor-mounted system
	SVM + KNN
	Precision herbicide spraying
	Kusumam et al.,
2017


CNN-Convolutional Neural Network, SVM-Support Vector Machine, KNN-K-Nearest Neighbour
7. Internet of Things (IoT) and AI Integration in Smart Agriculture
The combination of Internet of Things (IoT) devices with artificial intelligence (AI) is revolutionizing precision agriculture by allowing farmers to monitor field conditions continuously and make informed, data-driven decisions. IoT tools, such as soil sensors, drones and other monitoring devices, collect key information on soil moisture, temperature, humidity and crop health. This information is then analyzed by AI systems using MLmachine learning algorithms to provide practical insights for farm management. As noted by Soussi et al. (2024), one of the main advantages of this integration is the ability to adjust farm operations in real time. For example, data from soil moisture sensors can guide AI-powered irrigation systems to deliver the exact amount of water required, reducing wastage and ensuring crops receive optimal hydration (Sharma et al., 2023).
Moreover, integrating IoT with AI enhances automated nutrient management and pest control. Sensors can detect changes in soil nutrient levels or the presence of pests, while AI models analyze this information to recommend precise interventions. According to Shaikh et al. (2022), such systems can determine the correct amount of fertilizer needed at the right time, improving nutrient use efficiency and minimizing unnecessary chemical applications. Beyond optimizing resources, IoT-AI integration provides ongoing feedback that improves the management of large-scale farms, allowing farmers to make better decisions about planting, irrigation and harvesting. This approach supports higher productivity, cost savings and more sustainable agricultural practices (Soussi et al., 2024).
Table 5: AI and ML Approaches for Satellite-Based Crop Classification and Land Resource Management
	S No
	Crop
	Agricultural Operation
	Platform
	Algorithm Used
	Resource Optimization Achieved
	Reference

	2
	Corn
	Crop field classification
	ASTER Satellite
	MLP
	Better cropping pattern management
	Pena et al., 2014

	1
	Almond
	Land cover mapping
	ASTER Satellite
	SVM
	Improved land resource planning
	


ASTER-Advanced Spaceborne Thermal Emission and Reflection Radiometer,                        SVM-Support Vector Machine, MLP-Multilayer Perceptron
8. Economic Impact of AI and ML in Resource Optimization for Crop Production
8.1 Role of AI and ML in Resource Optimization and Decision-Making
The integration of Artificial Intelligence (AI) and Machine Learning (ML) in agriculture has transformed crop production by enabling more efficient use of resources, improving operational processes and increasing overall yields. By processing real-time data from sources such as drones, sensors and satellite imagery, these technologies help farmers make informed decisions on when and how to apply critical inputs like water, fertilizers and pesticides, thereby minimizing waste and enhancing profitability. As noted by Jessy et al. (2024), such precision-driven approaches allow resources to be allocated most effectively, directly benefiting farm economics.
8.2 AI-Based Irrigation Management
Predictive AI models can determine the precise water requirements of crops based on soil moisture and weather patterns, ensuring that irrigation is applied accurately. This not only saves water but also reduces unnecessary expenditure on over-irrigation, while maintaining optimal conditions for plant growth.
8.3 ML for Nutrient and Fertilizer Management
ML algorithms can assess nutrient levels in the soil and suggest the exact amount of fertilizers needed, lowering input costs and reducing the environmental impacts of excessive chemical use, as highlighted by Shaikh et al. (2022).
8.4 Automation and Reduction of Labour Dependency
Moreover, AI and ML reduce reliance on manual labour by automating repetitive farming tasks. Robotics and intelligent systems can manage sowing, crop monitoring and harvesting with remarkable accuracy, cutting labour costs significantly, especially in large-scale farming operations where human labour represents a major component of production expenses (Prajapati et al., 2023).
8.5 Crop Health Monitoring, Yield and Quality Improvement
Beyond improving economic efficiency, these technologies play a crucial role in enhancing crop yield and quality. Continuous monitoring of crop health allows for the early identification of pests, diseases and nutrient deficiencies, enabling timely interventions that prevent significant losses. According to Karunathilake et al. (2023), such proactive management not only helps in maintaining plant health but also contributes to higher productivity and superior-quality produce, ultimately supporting both farm profitability and sustainable agricultural practices.
9. Challenges and Ethical Considerations in AI Adoption
9.1 Knowledge and Skill Gap Among Farmers
The use of AI and ML in agriculture brings substantial benefits in resource optimization, efficiency and productivity, but their adoption also presents challenges that need to be addressed thoughtfully. One of the key obstacles is the knowledge and skill gap among farmers, particularly in developing regions. Many farmers may initially find it difficult to operate and manage AI-driven systems effectively, limiting their ability to fully leverage these tools. Gikunda (2024) emphasizes that targeted training programs and educational resources are essential to bridge this gap, enabling farmers to harness AI and ML technologies for precise water management, optimized fertilizer use and improved crop monitoring.
9.2 Economic Constraints and Cost of Adoption
The cost of AI technologies can also be a limiting factor, especially for smallholder farmers. Infrastructure requirements, including IoT devices, cloud storage and reliable connectivity, often make deployment expensive. Large-scale farms are generally better positioned to adopt these technologies, while smaller resource-constrained farms may face challenges in competing. Lassoued et al. (2021) highlight that despite these barriers, the potential economic and environmental benefits make investment in AI worthwhile, particularly when combined with supportive policies and subsidies.
9.3 Ethical Considerations and Data Management
Ethical aspects related to data management are important to consider when adopting AI and ML for resource optimization in agriculture. These systems gather extensive information on soil conditions, crop health and farm management practices, which helps farmers make precise decisions regarding irrigation, fertilization and pest control. As Ryan (2023) emphasizes, it is crucial to maintain transparency, secure storage of data and ensure that farmers retain ownership or provide consent for its use. Such measures allow AI adoption to be both fair and equitable while enabling farmers to benefit fully from optimized resource management without compromising their competitive advantage.
9.4 Social Impact and Employment Concerns
The social impact of AI and ML also deserves attention. While automation and intelligent decision-making reduce labour costs and improve operational efficiency, there is a potential effect on employment for low-skilled agricultural workers. Policymakers and stakeholders can address this by promoting equitable benefit-sharing and providing alternative livelihood opportunities for affected workers, ensuring that the advantages of AI-driven resource optimization are widely accessible without creating social disadvantages.
9.5 Legal and Regulatory Challenges
Legal and regulatory considerations are equally important. Current policies may not be fully equipped to address AI-specific challenges, such as accountability for incorrect predictions that could affect crop yields. Costa et al. (2023) highlight the need for clear legal frameworks that define responsibility and liability, which are essential for the ethical, transparent and safe implementation of AI and ML technologies in agriculture. These frameworks not only protect farmers but also foster confidence in the adoption of precision agricultural tools for sustainable resource management.
10.  Conclusion
Artificial intelligence and machine learning are reshaping precision agriculture by making farm management more accurate, efficient and sustainable. Through the use of data collected from sensors, drones, satellites and IoT devices, these technologies help farmers make better decisions related to irrigation, fertilizer application, pest and disease control, yield estimation and weed management. As a result, resources are used more efficiently, environmental impacts are reduced and farm productivity and profitability are improved.
Despite these advantages, the adoption of AI and ML in agriculture faces several challenges. High costs, limited technical knowledge among farmers, concerns about data security and inadequate infrastructure, especially in developing countries, restrict their widespread use. Overcoming these barriers requires farmer training, supportive government policies and transparent systems for data management. Overall, AI and ML offer strong potential to strengthen agricultural systems and make them more resilient to future challenges. When integrated thoughtfully into farming practices, these technologies can contribute significantly to sustainable crop production, enhanced farmer income and long-term food security.
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