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Abstract: Crop yield prediction plays a crucial role in ensuring food security, efficient resource management, and 

sustainable agricultural planning. With the rapid advancement of artificial intelligence, machine learning (ML) 

techniques have emerged as powerful tools for predicting crop productivity using diverse datasets such as weather 

conditions, soil characteristics, and remote sensing data. This paper presents a comprehensive review of machine learning 

techniques applied to crop yield prediction. It analyzes commonly used algorithms, including linear regression, decision 

trees, random forests, support vector machines, and deep learning models such as artificial neural networks and 

convolutional neural networks. Studies show that environmental factors like temperature, rainfall, and soil type are the 

most significant features influencing prediction accuracy. 
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I. INTRODUCTION 

 

Agriculture is a fundamental sector that supports global food security and economic stability. Accurate crop yield 

prediction is essential for effective decision-making by farmers, policymakers, and agricultural stakeholders. It helps in 

planning resource allocation, managing supply chains, and minimizing risks associated with climate variability and 

market fluctuations. Traditional methods of yield estimation rely heavily on historical data and manual observations, 

which are often time consuming and less accurate. 

 

In recent years, the advancement of machine learning (ML) techniques has significantly transformed agricultural practices. 

Machine learning enables the analysis of large and complex datasets, including weather conditions, soil properties, crop 

characteristics, and remote sensing data, to generate more precise yield predictions. Various algorithms such as linear 

regression, decision trees, support vector machines, random forests, and deep learning models have been widely applied 

in this domain, offering improved accuracy and efficiency. 

 

This paper presents a comprehensive review of machine learning techniques used for crop yield prediction. It aims to 

analyze different models, compare their performance, and identify the most influential factors affecting prediction 

accuracy. Additionally, the paper discusses the challenges associated with data quality, model generalization, and 

scalability. By examining recent developments and trends, this review provides valuable insights into the potential of 

machine learning in enhancing agricultural productivity and supporting sustainable farming practices. 

 

II. BACKGROUND AND MOTIVATION 

 
The increasing global demand for food, combined with climate change and limited agricultural resources, has made 

accurate crop yield prediction more important than ever. Variability in environmental conditions such as rainfall, 

temperature, and soil quality significantly affects crop productivity. Machine learning techniques provide data-driven 

solutions that can handle these complexities. The motivation of this study is to explore and evaluate different machine 

learning approaches to improve agricultural decision-making and productivity. 

 

III. DATA SOURCES AND FEATURES USED 

 

Crop yield prediction using machine learning relies on multi-source heterogeneous data, as crop growth is influenced by 

environmental, biological, and management factors. Recent journal studies emphasize that integrating multiple data 

sources significantly improves prediction accuracy compared to using a single dataset. 
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A. Weather Data 

Weather data plays a fundamental role in crop yield prediction, as climatic conditions directly influence plant growth and 

development. Variables such as temperature, rainfall, humidity, solar radiation, and wind speed are commonly used in 

predictive models. Temperature affects physiological processes like photosynthesis and respiration, while rainfall 

determines water availability for crops. Irregular weather patterns, such as droughts or excessive rainfall, can significantly 

reduce yield. Machine learning models are particularly effective in capturing the nonlinear relationships between weather 

variables and crop productivity.  

 

B. Soil Data 

Soil characteristics are another critical component in determining crop yield, as they directly affect nutrient availability 

and water retention capacity. Important soil features include soil type, pH level, organic matter content, and essential 

nutrients such as nitrogen, phosphorus, and potassium. Soil moisture also plays a vital role in supporting plant growth, 

especially in regions dependent on rainfall. Machine learning models use these parameters to assess soil fertility and its 

impact on crop productivity. Research indicates that variations in soil properties across regions can lead to significant 

differences in yield, making it essential to include localized soil data in prediction models. C. Management Practices 

Agricultural management strategies, such as irrigation scheduling, fertilization regimes, and planting density, serve as 

key modifiers of the final harvest.  

 

C. Remote Sensing Data 

Remote sensing data has become increasingly important in modern agricultural analysis due to its ability to provide large-

scale and real-time information about crop conditions. Satellite imagery and vegetation indices such as the Normalized 

Difference Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI) are widely used to monitor crop health, 

biomass, and growth stages. These indices reflect the greenness and photosynthetic activity of plants, which are closely 

related to yield potential. Remote sensing allows continuous monitoring of agricultural fields without the need for 

physical inspection, making it highly efficient for large-scale farming. Studies have demonstrated that combining remote 

sensing data with machine learning techniques significantly improves prediction accuracy. 

 

D. Crop Management Data 

Crop management practices represent the human factors influencing agricultural productivity. These include fertilizer 

application, irrigation methods, crop variety, planting schedules, and pest control measures. Even under similar 

environmental conditions, differences in management practices can lead to variations in yield. Machine learning models 

incorporate these variables to capture the impact of human decision-making on crop performance. For instance, optimized 

fertilizer usage can enhance soil fertility, while efficient irrigation techniques can improve water utilization. Research 

highlights that integrating management data with environmental and remote sensing data provides a more comprehensive 

understanding of crop growth dynamics.  

 

E. Integration of Multi-Source Data 

The integration of multiple data sources is a key factor in improving the performance of crop yield prediction models. 

Weather data provides information about climatic conditions, soil data reflects nutrient availability, remote sensing 

captures real-time crop health, and management data accounts for human interventions. Combining these datasets allows 

machine learning models to learn complex interactions among various factors affecting crop growth. Recent studies have 

shown that multi-source data integration leads to more robust and accurate predictions compared to models that rely on 

a single data type. This approach also enables scalable solutions that can be applied across different regions and crop 

types. 

 

IV. MACHINE LEARNING TECHNIQUES FOR CROP YIELD PREDICTION 

 

A. Regression Models 

Regression models are among the earliest and most widely used techniques for crop yield prediction due to their 

simplicity and interpretability. Linear regression assumes a direct relationship between input variables such as 

temperature, rainfall, and soil properties and the crop yield. It is useful when the relationship between variables is 

approximately linear and the dataset is relatively small. However, real-world agricultural data often exhibits nonlinear 

behavior, which limits the performance of simple linear models. To address this, polynomial regression extends linear 

regression by introducing higher-degree terms, allowing the model to capture curved relationships between variables.  

 

B. Decision Tree-Based Models 

Decision tree-based models are widely used in crop yield prediction due to their ability to handle nonlinear relationships 

and complex datasets. A decision tree works by splitting the dataset into smaller subsets based on feature values, forming 
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a tree-like structure of decisions. These models are highly interpretable, as they clearly show how input variables 

influence predictions. Random Forest, an extension of decision trees, improves prediction accuracy by combining 

multiple decision trees and averaging their outputs. This ensemble approach reduces overfitting and increases robustness. 

Decision tree-based models can effectively handle both numerical and categorical data, making them suitable for 

agricultural datasets that include diverse features such as soil type and crop variety.  

 

C. Support Vector Machines (SVM) 

Support Vector Machines (SVM) are powerful supervised learning algorithms used for both classification and regression 

tasks. In crop yield prediction, Support Vector Regression (SVR) is commonly applied. SVM works by finding an optimal 

hyperplane that best fits the data while minimizing prediction error. One of the key advantages of SVM is its effectiveness 

in handling high-dimensional data and small sample sizes. It uses kernel functions, such as linear, polynomial, and radial 

basis function (RBF), to transform data into higher-dimensional spaces where complex relationships can be captured. 

This makes SVM particularly suitable for agricultural datasets that contain nonlinear patterns. However, SVM models 

can be computationally expensive and require careful tuning of parameters, which may limit their scalability for large 

datasets. 

 

D. Neural Networks and Deep Learning 

Neural networks and deep learning models have gained significant attention in recent years due to their ability to capture 

highly complex and nonlinear relationships in data. Artificial Neural Networks (ANN) consist of interconnected layers 

of neurons that process input features and learn patterns through training. These models are capable of modeling intricate 

relationships between environmental factors and crop yield. Convolutional Neural Networks (CNN), a type of deep 

learning model, are particularly effective when working with image-based data such as satellite imagery. CNNs can 

automatically extract features from remote sensing data, making them valuable for large-scale agricultural monitoring. 

Deep learning models generally provide higher accuracy compared to traditional methods, especially when large datasets 

are available.  

 

V. COMPARATIVE ANALYSIS OF MODELS 

 
The performance of machine learning models for crop yield prediction varies significantly depending on the nature of 

the dataset, the quality of features, and the complexity of relationships among variables. Simpler models such as linear 

and polynomial regression are easy to implement and interpret, but they often struggle to capture nonlinear interactions 

present in agricultural data. As a result, their prediction accuracy is generally lower when compared to more advanced 

techniques, especially in scenarios involving multiple influencing factors such as weather variability, soil diversity, and 

crop management practices. 

 

Decision tree-based models, particularly Random Forest, have demonstrated superior performance in many studies due 

to their ability to model nonlinear relationships and handle heterogeneous data. These models are less sensitive to noise 

and can effectively manage missing values, making them suitable for real-world agricultural datasets. 

 

VI. PERFORMANCE EVALUATION METRICS 

 

The evaluation of machine learning models for crop yield prediction is essential to determine their accuracy, reliability, 

and generalization capability. Various statistical metrics are used to measure how well a model’s predicted values match 

the actual observed values. These metrics provide quantitative insight into model performance and enable comparison 

among different algorithms. 

 

A. Mean Absolute Error (MAE) 

Mean Absolute Error (MAE) measures the average magnitude of errors between predicted and actual values without 

considering their direction. It provides a straightforward interpretation of prediction accuracy by calculating the average 

absolute difference. In crop yield prediction, MAE indicates how close the predicted yield values are to the actual yields. 

A lower MAE value represents better model performance. One advantage of MAE is that it treats all errors equally, 

making it less sensitive to outliers compared to other metrics. 

 

B. Root Mean Square Error (RMSE) 

Root Mean Square Error (RMSE) measures the square root of the average squared differences between predicted and 

actual values. Unlike MAE, RMSE gives higher weight to larger errors due to the squaring process. This makes RMSE 

particularly useful when large prediction errors are undesirable. In agricultural applications, RMSE helps identify models 

https://ijarcce.com/
https://ijarcce.com/


ISSN (O) 2278-1021, ISSN (P) 2319-5940 IJARCCE 

International Journal of Advanced Research in Computer and Communication Engineering 

Impact Factor 8.471Peer-reviewed & Refereed journalVol. 15, Issue 5, May 2026 

DOI:  10.17148/IJARCCE.2026.15530 

© IJARCCE               This work is licensed under a Creative Commons Attribution 4.0 International License                 210 

that produce consistent and reliable predictions. A lower RMSE value indicates better model accuracy, but it is more 

sensitive to outliers than MAE. 

 

C. R-squared (R²) 

R-squared (R²), also known as the coefficient of determination, measures the proportion of variance in the dependent 

variable that is explained by the model. It ranges from 0 to 1, where a value closer to 1 indicates a better fit. In crop yield 

prediction, a high R² value means that the model successfully captures the relationship between input features and yield 

outcomes. However, R² alone may not fully reflect model performance, especially in cases of overfitting. 

 

D. Accuracy 

Accuracy is commonly used as an evaluation metric in classification problems, where predictions are categorized into 

discrete classes. In the context of crop yield prediction, accuracy may be used when yield levels are classified into 

categories such as low, medium, or high. It represents the proportion of correct predictions made by the model out of the 

total predictions. While accuracy is simple to understand, it may not be sufficient for evaluating regression-based yield 

prediction models, where continuous output values are more common. 

 

VII. APPLICATIONS IN PRECISION AGRICULTURE 

 

Machine learning-based crop yield prediction plays a significant role in advancing precision agriculture by enabling data-

driven decision-making and efficient farm management. Precision agriculture focuses on optimizing agricultural 

practices by using technology to monitor and manage field variability. The integration of machine learning models with 

diverse data sources allows farmers and stakeholders to improve productivity, reduce costs, and ensure sustainable 

farming practices. 

 

A. Efficient Resource Management 

One of the primary applications of machine learning in precision agriculture is efficient resource management. By 

analyzing data related to soil conditions, weather patterns, and crop requirements, machine learning models can 

recommend the optimal use of resources such as water, fertilizers, and pesticides. This helps in minimizing waste and 

reducing environmental impact. For example, predictive models can determine the exact amount of irrigation needed 

based on soil moisture and weather forecasts, thereby conserving water. Similarly, fertilizer recommendations can be 

tailored to specific soil nutrient levels, improving crop health and yield while reducing excessive chemical usage. 

 

B. Early Yield Forecasting 

Machine learning enables early and accurate prediction of crop yields before the harvesting season. By using historical 

data along with current environmental conditions, models can forecast expected yield levels at different growth stages. 

Early yield forecasting helps farmers and policymakers make informed decisions regarding storage, transportation, and 

market planning. It also allows for timely interventions in case of expected low yield due to unfavorable conditions such 

as drought or pest infestations. This proactive approach reduces risks and enhances agricultural productivity. 

 

C. Crop Monitoring Using Satellite Data 

Remote sensing and satellite-based monitoring have become essential components of precision agriculture. Machine 

learning models analyze satellite imagery and vegetation indices to monitor crop health, detect stress conditions, and 

track growth patterns over time. This enables large-scale monitoring of agricultural fields without the need for manual 

inspection. For instance, changes in vegetation indices can indicate issues such as nutrient deficiency, water stress, or 

disease outbreaks. Early detection allows farmers to take corrective actions promptly, thereby preventing yield losses and 

improving overall crop performance. 

 

D. Decision Support for Farmers and Policymakers 

Machine learning-based systems provide valuable decision support tools for farmers, agricultural experts, and 

policymakers. These systems integrate data from multiple sources to generate actionable insights and recommendations. 

Farmers can use these insights to choose suitable crops, determine optimal planting times, and adopt effective 

management practices. Policymakers can utilize predictive models to plan food distribution, manage supply chains, and 

develop agricultural policies. Additionally, decision support systems help in addressing challenges such as climate change, 

population growth, and food security by enabling informed and strategic planning. 
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VIII. CHALLENGES AND LIMITATIONS 

 

Despite significant advancements in machine learning techniques for crop yield prediction, several challenges and 

limitations continue to affect the performance, reliability, and real-world adoption of these models. These challenges 

arise mainly due to the complexity of agricultural systems, variability in data sources, and practical constraints in 

implementation. 

 

A. Poor Data Quality and Missing Values 

One of the major challenges in crop yield prediction is the availability of high-quality data. Agricultural datasets often 

contain missing, incomplete, or inconsistent values due to errors in data collection, sensor failures, or lack of proper 

monitoring systems. For example, weather stations may not record data continuously, and soil measurements may be 

taken irregularly. Such gaps in data can negatively impact model training and reduce prediction accuracy. Additionally, 

noisy data and outliers can mislead machine learning algorithms, leading to unreliable results. Although techniques such 

as data imputation and preprocessing can help address these issues, they may not fully eliminate the impact of poor data 

quality. 

 

B. Lack of Standardized Datasets 

Another significant limitation is the absence of standardized and universally accepted datasets for crop yield prediction. 

Agricultural data is often region-specific, varying in format, scale, and quality across different countries and institutions. 

This lack of standardization makes it difficult to compare results across studies and limits the generalizability of machine 

learning models. Models trained on one dataset may not perform well when applied to another region due to differences 

in climate, soil conditions, and farming practices. As a result, there is a need for standardized data collection frameworks 

and publicly available datasets to improve consistency and reproducibility in research. 

 

C. High Computational Requirements 

Advanced machine learning models, particularly deep learning techniques, require significant computational resources 

for training and deployment. These models often involve large datasets and complex architectures, which demand high 

processing power, memory, and specialized hardware such as GPUs. This can be a major barrier, especially in developing 

regions where access to such resources is limited. Additionally, the time required for training and tuning these models 

can be substantial, making it challenging to implement real-time prediction systems. While cloud computing and 

distributed systems offer potential solutions, they also introduce additional costs and infrastructure requirements. 

 

D. Limited Model Interpretability 

Many advanced machine learning models, especially deep learning and ensemble methods, are often considered “black-

box” systems. This means that while they may provide highly accurate predictions, it is difficult to understand how they 

arrive at those results. In agriculture, interpretability is important because farmers and stakeholders need to trust and 

understand the recommendations provided by the system. Lack of transparency can reduce user confidence and hinder 

adoption. Efforts are being made to develop explainable AI techniques that provide insights into model decisions, but 

achieving a balance between accuracy and interpretability remains a challenge. 

 

IX. FUTURE RESEARCH DIRECTIONS 

 
Future research in crop yield prediction using machine learning is expected to focus on improving model accuracy, 

scalability, and real-world applicability by leveraging emerging technologies and advanced methodologies. As 

agriculture continues to face challenges such as climate change, resource scarcity, and population growth, there is a 

growing need for more intelligent and adaptive prediction systems. 

 

A. Integration of IoT and Real-Time Data 

One of the most promising directions is the integration of Internet of Things (IoT) technologies with machine learning 

models. IoT devices such as soil sensors, weather stations, and smart irrigation systems can continuously collect real-

time data related to soil moisture, temperature, humidity, and crop conditions. Incorporating this real-time data into 

predictive models enables dynamic and up-to-date yield predictions. This approach allows farmers to respond quickly to 

changing environmental conditions, improving decision-making and reducing risks. Future systems are expected to 

combine IoT data with cloud computing and edge computing to enable real-time analytics and automation in agriculture. 

 

B. Development of Interpretable Models 

While advanced machine learning models provide high accuracy, their lack of interpretability remains a major concern. 

Future research should focus on developing models that are not only accurate but also transparent and explainable. 

https://ijarcce.com/
https://ijarcce.com/


ISSN (O) 2278-1021, ISSN (P) 2319-5940 IJARCCE 

International Journal of Advanced Research in Computer and Communication Engineering 

Impact Factor 8.471Peer-reviewed & Refereed journalVol. 15, Issue 5, May 2026 

DOI:  10.17148/IJARCCE.2026.15530 

© IJARCCE               This work is licensed under a Creative Commons Attribution 4.0 International License                 212 

Interpretable models help farmers and stakeholders understand how different factors influence crop yield predictions, 

increasing trust and adoption. Techniques such as explainable AI (XAI), feature importance analysis, and visualization 

tools are expected to play a key role in making machine learning models more understandable. Balancing accuracy with 

interpretability will be essential for practical deployment in agricultural systems. 

 

C. Use of Hybrid and Ensemble Techniques 

Hybrid and ensemble approaches are gaining attention as they combine the strengths of multiple models to achieve better 

performance. Future research is likely to explore more advanced combinations of machine learning and deep learning 

techniques, such as integrating statistical models with neural networks or combining different ensemble strategies. These 

approaches can improve prediction accuracy, robustness, and generalization across different datasets. Additionally, 

hybrid models can effectively handle diverse data types, including numerical, categorical, and image-based data, making 

them highly suitable for agricultural applications. 

 

X. CONCLUSION 

 
Machine learning techniques have significantly improved crop yield prediction by providing accurate and scalable 

solutions. This review highlights the strengths and limitations of various models and emphasizes the importance of data 

quality and model selection. Future advancements in technology and data integration will further enhance prediction 

accuracy and support sustainable agriculture. 
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