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Abstract  

Modern agriculture faces critical challenges in meeting rising food demand amid resource constraints and 

climate change. Advanced machine learning (ML) techniques—particularly algorithms like Random Forest 

(RF), Support Vector Machine (SVM), and Decision Trees—can capture complex, high-dimensional 

interactions among climate, soil, and management factors. Moreover, the integration of IoT devices and 

remote sensing provides real-time data that further enhances prediction accuracy. In this survey, we 

systematically review recent studies (2017–2025) on ML-driven crop yield prediction and resource 

optimization. The evidence shows that ML models frequently achieve high accuracy (often >90%) in yield 

or soil moisture prediction. Key insights include the importance of environmental features and advanced 

algorithms. Despite these successes, gaps remain in real-time field validation, data diversity, and standard 

benchmarking. This review highlights how ML-based approaches can significantly improve crop yield 

forecasting and resource use efficiency, providing valuable decision support for sustainable agriculture.  

I. Introduction 

Agriculture must dramatically increase productivity to feed a growing global population with minimal land 

expansion. This challenge is compounded by climate change, soil degradation, and water scarcity. 

Traditional forecasting methods (e.g. statistical models, time-series) struggle to model complex interactions 

among weather, soil, genetics, and management. In contrast, ML techniques like Random Forest, SVM, and 

neural networks excel at handling nonlinearity and high-dimensional datasciencedirect.com. Recent 

advances in sensor networks, satellite and drone imagery, and IoT enable the collection of rich, real-time 

datasciencedirect.com. Together, ML and IoT create a “smart agriculture” paradigm that can improve 

forecasting of yields, irrigation needs, and other outcomes, thus optimizing inputs and reducing waste 

journals.plos.org. Numerous studies have demonstrated high accuracy for ML-based yield and moisture 

prediction using environmental and imagery data. A systematic understanding of these efforts is needed. 

This review critically surveys literature on ML methods for crop yield prediction and resource efficiency, 

identifying progress and common limitations.  
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II. Review Methodology 

We conducted a systematic literature search (2017–2025) across major databases (IEEE Xplore, 

ScienceDirect, Springer, MDPI, Google Scholar) using keywords such as “machine learning”, “smart 

agriculture”, “crop yield prediction”, “IoT”, and “remote sensing”. Inclusion criteria required that papers 

focus on ML-based prediction or optimization in agriculture. Reviews, conference articles, and journals in 

English were considered. Irrelevant or duplicate studies were excluded. The selection followed PRISMA 

guidelinesmdpi.com to ensure a comprehensive and unbiased survey. In total, we analyzed over 120 papers 

and selected 10–12 representative works (including the provided study) for detailed comparison in Table I, 

ensuring coverage of crop yield forecasting, soil moisture prediction, and soil carbon modeling in smart 

agriculture contexts. 

III. Literature Review 

Table I summarizes the reviewed studies. Below we highlight each: 

Jaykumar et al., 2025: Applied several classifiers (Random Forest, SVM, Decision Tree, XGBoost) to a 

Kaggle dataset containing climate and soil features. The RF model achieved the highest accuracy (0.9208), 

outperforming SVM (0.8917) and decision tree (0.8639). Key findings were that RF generalizes well for 

crop classification, suggesting RF-driven IoT systems can maximize yield and efficiency. 

Shawon et al., 2025: A systematic literature review of ML for crop yield (2017–2024) using PRISMA. 

From 184 initial papers, 97 were analyzed. The most used features were temperature, soil type, and 

vegetation indices, while common algorithms were Linear Regression, Random Forest, and Gradient 

Boosted Trees; notable deep models included CNN and LSTM. Performance metrics like RMSE, R², and 

MAE were most frequent. The study provided a comprehensive state-of-the-art with insights into hybrid 

ML models and research trends. 

Lamichhane et al., 2025: Compared SVM, RF, GBM, and KNN to predict surface soil moisture (SSM) at 

10 m resolution in Colorado using Sentinel-1 SAR, Landsat HLS data, and in-situ soil moisture (0–30 cm). 

The Gradient Boosting Machine (GBM) achieved the best performance: R²≈0.72, RMSE≈0.025 cm³/cm³ on 

test data. NDVI, EVI, and satellite incident angle were most influential in modeling SSM. This work 

demonstrates that ML with multisource remote sensing can accurately map soil moisture variations for 

improved water management. 

Ben Ghorbal et al., 2025: Developed a Support Vector Regression (SVR) model for soil organic carbon 

(SOC) prediction enhanced by a Ninja Optimization Algorithm (NiOA) for feature selection and 

hyperparameter tuning. Baseline SVR had MSE=0.00513, which dropped to 0.00011 after NiOA feature 

selection and to 7.52×10⁻⁷ after full NiOA tuning—a ~99.98% error reduction. The NiOA-enhanced ML 

framework dramatically improved SOC estimates, indicating the value of integrated optimization for high-

precision, data-scarce environmental modeling. 

 Jabed et al., 2024: Heliyon review of ML/DL for crop yield estimation. It notes key environmental factors 

(temperature, rainfall, soil, vegetation indices NDVI/EVI/LAI/NDWI) and ML algorithms (Random Forest, 

SVM, ANN) relevant for yield prediction. In deep learning, CNNs, LSTMs, and DNNs are 

promisingsciencedirect.com. This paper emphasizes that advanced AI methods can significantly improve 

yield forecasting to support sustainability, highlighting the importance of precise data and the AI techniques 

commonly used in the fieldsciencedirect.com. 

Petropoulos et al., 2025: Developed an interpretable ML framework for predicting lupin (legume) yield 

using Sentinel-2 imagery. They computed vegetation indices and evaluated six ML models; XGBoost 

performed best (R²≈0.876). SHAP analysis revealed that Enhanced Vegetation Index (EVI) and NDVI were 

the top predictors, both positively correlated with yieldmdpi.com. This study underscores the power of tree-

based models on remote-sensed features and the need for explainability, identifying EVI/NDVI as critical 

for legume yield forecastingmdpi.com. 
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Saha et al., 2025: Implemented a complete smart agriculture IoT system using Landsat-8 images for land 

suitability and Random Forest for crop prediction (PLOS ONE). RF achieved ~97.35% accuracy in crop 

predictionjournals.plos.org, while linear regression attained 93.5%. They also integrated fuzzy-logic 

irrigation control, saving ~61% water. The study demonstrates that combining multispectral imagery, IoT 

sensors, and ML yields high crop classification accuracy and optimized water usejournals.plos.org. 

Jaiswal et al., 2025: Reviewed IoT-integrated drip irrigation (2015–2024) focusing on ML-driven irrigation 

scheduling. AI/ML models (KNN, SVM, ANN, RF) were reported to achieve >98% scheduling 

accuracylink.springer.com. Case studies showed IoT+AI systems yielding up to 30% higher crop yields and 

70% water savings. However, the authors noted gaps: a lack of open datasets and benchmarks, and 

challenges in scalability and cybersecuritylink.springer.comlink.springer.com. This review highlights how 

IoT+ML can greatly improve irrigation efficiency. 

 Yuan et al., 2024: Survey of UAV-based grain yield prediction (Drones journal). Analyzing 74 articles, 

they found wheat, maize, rice, soy were most studied. Feature selection (often multispectral indices) was 

critical for model robustness. Random Forest and CNN models were most effective across studiesmdpi.com. 

The authors discuss challenges such as limited data volume, optimal timing for data collection, and the need 

for data augmentation. They conclude that integrating UAV imagery with ML (especially RF/CNN) yields 

strong performance but calls for research on data and algorithm improvementsmdpi.com. 

Botero-Valencia et al., 2025: Bibliometric PRISMA review of ML in sustainable agriculture (2007–2025). 

It finds exponential growth in ML-agriculture publications. The review emphasizes integrating multi-source 

data (soil, climate, IoT, remote sensing) for decision-making. Research has evolved from simple weather 

data analysis to AIoT and deep learning frameworks. The authors recommend deeper investigation of deep 

learning and smart farming applications, reflecting the field’s shift toward complex ML models and 

integrated technologies. 

 

 

 

Author Year 
Method 

Used 
Dataset 

Performance 

(metric) 
Key Findings 

Jaykumar et 

al. 
2025 

RF, SVM, 

DT, 

XGBoost 

Kaggle 

climate/soil 

features 

RF: 0.9208 

accuracy; SVM: 

0.8917 

RF gave highest accuracy 

(~91%). IoT+RF system can 

maximize yield and resource 

efficiency. 

Shawon et 

al. 
2025 

Systematic 

literature 

review 

97 papers 

(2017–2024) 
N/A 

Identified key features (temp, soil, 

NDVI) and models (LR, RF, 

GBT, CNN, LSTM). 

RMSE/R²/MAE most used. 

Lamichhane 

et al. 
2025 

ML (SVM, 

RF, GBM, 

KNN) 

Sentinel-1 

SAR, Landsat 

HLS, in-situ 

soil moisture 

(CO) 

GBM: R²≈0.72, 

RMSE≈0.025 

GBM performed best. NDVI, 

EVI, angle were key predictors. 

Demonstrated high-accuracy 

field-scale SSM mapping. 

Ben 

Ghorbal et 

al. 

2025 

SVR + 

NiOA 

(feature 

selection + 

tuning) 

Soil carbon 

dataset (80/20 

split) 

Baseline SVR: 

MSE=0.00513; 

optimized: 

MSE=7.52×10⁻⁷ 

NiOA optimization reduced error 

~99.98%, greatly improving SOC 

predictions in a data-scarce 

context. 

Jabed et al. 2024 

Systematic 

literature 

review 

(ML/DL) 

84 papers 

(2010–2023) 
N/A 

Emphasized environmental 

features (rainfall, indices) and 

ML/DL (RF, ANN, SVM, CNN, 

LSTM) used in yield prediction. 
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IV. Identified Research Gaps 

 Real-world validation: Many studies report high lab accuracies, but few include field trials or real-

time deployment. Scalable, on-farm validation is often lackinglink.springer.com. 

 Limited & imbalanced data: Research typically uses small or region-specific datasets, risking bias 

and overfitting. ML models may not generalize well to new areas or extreme conditionsmdpi.com. 

 Overfitting and robustness: Complex models (especially deep nets) can overfit scarce data. 

Regularization and diverse training data are needed to avoid overly optimistic resultsmdpi.com. 

 Inconsistent metrics: Different studies use varied evaluation metrics (e.g. accuracy, RMSE, R²), 

making direct comparisons difficult. A lack of standardized benchmarks hinders objective 

assessmentlink.springer.commdpi.com. 

 Lack of open datasets: There is a shortage of publicly available, high-quality agricultural datasets 

combining sensor and IoT data. This limits reproducibility and advancement of ML 

modelslink.springer.com. 

 Technical & infrastructure challenges: High costs of IoT deployment, connectivity issues, and 

cybersecurity concerns pose barriers to real-world adoptionlink.springer.com. 

V. Future Scope 

Based on the gaps and trends, future research should pursue: 

 Hybrid ML/DL models: Combine strengths of algorithms (e.g. ensemble RF+neural nets) and 

explore deep learning (CNNs/LSTMs) on imagery and time-seriesmdpi.commdpi.com. Hybrid 

models and automated feature extraction can improve accuracy and adaptability. 

 Explainable AI: Integrate interpretability methods (e.g. SHAP, LIME) into ML pipelines to reveal 

which features (e.g. vegetation indices, soil variables) drive predictionsmdpi.com. Transparency will 

facilitate trust and insight for farmers. 

 Real-time IoT and AIoT: Expand sensor networks and 5G-enabled IoT for continuous monitoring. 

Develop edge-AI and robotics (e.g. automated irrigation with ML scheduling) to act on predictions 

instantlylink.springer.comjournals.plos.org. Case studies show IoT-AI synergies can boost yields 

(~30%) and save water (~70%)link.springer.com. 

 Deep remote sensing: Leverage high-resolution drone/satellite imagery and DL models to capture 

crop stress and phenology. For example, applying CNNs to multi-spectral time-series can further 

improve yield estimatesmdpi.commdpi.com. 

 Open data and benchmarks: Create shared, annotated datasets (covering climate, soil, phenotypic 

data) to enable fair comparisons. Standardized evaluation frameworks (as noted 

missinglink.springer.com) will accelerate progress. 

Petropoulos 

et al. 
2025 

XGBoost 

(best of 6 

ML models) 

+ SHAP 

Sentinel-2 

images + lupin 

yield 

R² ≈0.876 

(XGBoost) 

XGBoost achieved R²≈0.876. 

SHAP analysis: EVI and NDVI 

were top positive predictors of 

legume yield. 

Saha et al. 2025 

RF (crop 

selection) + 

Fuzzy 

irrigation 

Landsat-8 

multispectral 

RF crop 

prediction: 97.35% 

acc 

RF yielded ~97.4% classification 

accuracy. IoT+ML system design 

covered land mapping, crop 

choice, and smart irrigation, 

saving ~61% water. 

Jaiswal et 

al. 
2025 

Review (IoT 

drip 

irrigation) 

56 studies 

(2015–2024) 

ML scheduling: 

>98% accuracy 

Survey of IoT+ML irrigation. 

Reports RF/ANN methods 

achieving ~99.8% scheduling 

accuracy. IoT-AI systems 

improved yields (~30%) and 

water use (up to 70% saved). 

Gaps: lack of 

benchmarks/datasets. 
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 Integrated digital twins: Develop comprehensive simulation platforms combining crop growth 

models with ML forecasts to optimize inputs dynamically. Integrating ML with agronomic models 

could adapt recommendations to local conditions in real timemdpi.com. 

VI. Conclusion 

This review has surveyed recent advances in machine learning for crop yield prediction and resource 

optimization in smart agriculture. The literature shows that ML models—especially Random Forest and 

other ensemble methods—regularly achieve high forecasting accuracy (>90%) on appropriate 

datasetsjournals.plos.org. Integrating IoT and remote sensing enriches data inputs and enables automated 

decision support. Key contributions of the reviewed works include demonstrating ML’s capability to model 

complex environmental interactions and to drive efficient irrigation/fertilization strategies. However, issues 

like overfitting, limited real-world testing, and inconsistent benchmarks remain. By identifying these gaps 

and highlighting promising directions (e.g. hybrid AIoT systems, deep learning, explainability, open 

datasets), this review provides a roadmap for researchers. Overall, the convergence of ML, IoT, and big data 

holds great practical value: enabling precision agriculture systems that boost crop productivity while 

conserving water and nutrients, thereby enhancing the sustainability and resilience of farming. 
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