
IJST                                                                                                                                               Home Page: https://scirojournals.com/index.php/ijst 

 

15 

 

International Journal of Science and Technology 

ISSN: 2049-7318 | Nov. 2025, Vol. 1, No. 1, pp.15-20. 

Machine Learning and Deep Learning Architectures for 

Enhanced Crop Yield Prediction and Prescriptive 

Precision Agriculture 

Uppalapati Meri Kishore1, Vaddi Ramesh2, Kata Rajadeepa3* 

1,3. Asst. Professor, Dept. of ECE, Sai Rajeswari Institute of Technology, Proddatur 
2*Assoc. Professor, Dept. of ECE, Sai Rajeswari Institute of Technology, Proddatur. 

Email: 1kishoreecepg@gmail.com, 2ramesh719@gmail.com, 3*rdeepa780@gmail.com 

Received: 25.10.2025 Revised:18.11.2025 Accepted:4.12.2025 Published:10.12.2025 

Copyright: © The Author (s), 2025. Published by Sciro Publishers. This is an Open Access article, distributed under the terms of the Creative Commons 

Attribution 4.0 License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution and reproduction in any medium, 

provided the original work is properly cited. 

Abstract: Global food security is increasingly vulnerable due to the large interannual variability of crop yield, a challenge 

significantly exacerbated by climate change through increased drought, heat stress, and severe meteorological events.1 

Traditional Process-Based Models (PBMs) often lack the capacity to capture the complex, non-linear spatiotemporal 

interactions governing crop response, frequently explaining as little as 16% of observed yield variance. This research paper 

provides a comprehensive analysis of advanced Machine Learning (ML) and Deep Learning (DL) architectures as crucial 

tools for enhancing Crop Yield Prediction (CYP) and transitioning agriculture toward prescriptive management. The analysis 

highlights the integration of multi-modal data—including satellite remote sensing, climate variables, and static soil 

properties—as foundational inputs.2 We review the demonstrated superior performance of specialized deep sequence models, 

such as the Long Short-Term Memory model with attention LSTM_att, which has been shown to explain up to 73% of yield 

variance, significantly outperforming PBMs, particularly when validated against rigorous protocols like Leave-One-Year-

Out Cross-Validation (LOYO).2 Furthermore, the paper addresses key future imperatives: the adoption of Hierarchical 

Federated Learning (HFL) to protect privacy-sensitive agricultural data in heterogeneous environments , and the crucial 

integration of Explainable AI (XAI) using techniques like LIME and counterfactual explanations to build farmer trust and 

enable the shift from accurate prediction to trustworthy, data-driven prescriptive analytics. 

Keywords: Machine Learning, Deep Learning, Crop Yield Prediction, Precision Agriculture, Remote Sensing, Explainable 

AI (XAI), Food Security, Federated Learning, LSTM_ att, Climate Change Adaptation. 

 

1.INTRODUCTION 

1.1. Global Context and the Challenge of Food 

Security 

The stability of the global food system faces profound 

threats from evolving climate patterns. Climate change 

impacts agriculture through heavy rainfalls that intensify soil 

erosion, prolonged periods of severe drought (such as the 

long-term drought experienced in the U.S. Southwest since 

early 2020), and heat stress, all of which contribute directly 

to decreased crop yields and increased volatility. These 

environmental stressors, coupled with effects on the broader 

food system—including constraints on production, 

transportation, and storage—directly exacerbate global food 

insecurity. 

Accurate and timely prediction of crop yield is essential 

for mitigating these risks, facilitating critical functions such 

as short-term management (e.g., resource allocation, risk 

mitigation) and long-term strategic planning (e.g., climate 

adaptation and market analysis).2 The inherent challenge lies 

in the immense interannual variability of crop yield, a 

characteristic that extreme weather events are projected to 

worsen. The necessity for robust forecasting models that can 

generalize effectively to unseen environmental conditions is 

therefore paramount. 

1.2. Limitations of Traditional Predictive Models 

Historically, agriculture has relied on Process-Based 

Models (PBMs) that simulate crop growth based on physical 

and physiological laws. While theoretically sound, PBMs 

often struggle significantly in real-world applications where 

non-linear interactions between genetics, soil heterogeneity, 

and volatile weather patterns dominate the final yield 

outcome. Comparative studies illustrate this limitation 

starkly: regionally calibrated PBMs, such as those used for 

maize in the U.S. Corn Belt, were found to explain only 16% 

of the observed spatiotemporal variance in yield. Their high 

sensitivity to interannual variability in meteorological 

forcing often leads to overly high error magnitudes 

compared to data-driven approaches. This deficiency in 

capturing high spatiotemporal variance underpins the 

necessity for adopting more sophisticated modeling 

techniques. 
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1.3. The Rise of Machine Learning in Precision 

Agriculture 

Machine Learning (ML) and Deep Learning (DL) 

models offer a powerful alternative. By processing vast, 

multi-modal datasets—including satellite imagery, 

meteorological records, and soil composition—these models 

can identify and approximate the highly complex, non-linear 

relationships that govern crop productivity with greater 

accuracy and precision. The transition to ML/DL is justified 

by the observation that the intricate interplay of climate, soil, 

and management practices is fundamentally non-linear, 

making data-driven approximation a more effective 

predictive strategy than strict physical simulation. 

The integration of ML is not merely for prediction; it 

underpins the entire framework of precision agriculture. 

Accurate forecasts enable highly efficient resource 

allocation, guiding farmers to apply fertilizers and pesticides 

only when and where necessary, thereby reducing input 

waste and environmental impact. This proactive approach 

supports enhanced sustainability by improving water use 

efficiency through precision irrigation guided by predictive 

systems. 

1.4. Paper Contribution and Structure 

This paper systematically reviews and analyzes 

contemporary ML and DL techniques for CYP, 

demonstrating their quantitative superiority over 

conventional methods. The contribution focuses on 

methodological rigor, particularly through the discussion of 

appropriate validation protocols for time-series data. 

Furthermore, it outlines the critical trajectory for agricultural 

informatics, emphasizing the integration of Explainable AI 

(XAI) and privacy-preserving architectures like Federated 

Learning (FL). The subsequent sections detail the current 

state-of-the-art literature, specific methodological 

requirements, comparative performance results, and future 

research directions. 

2. LITERATURE SURVEY 

2.1. Data Sources and Feature Engineering 

2.1.1. Multi-Modal Data Requirements 

Successful crop yield prediction relies on the effective 

integration of heterogeneous, multi-modal data streams. 

Comprehensive models combine time-series meteorological 

data, static soil properties (such as hydraulic properties and 

organic carbon levels), irrigation information, and dynamic 

satellite remote sensing data.2 The inclusion of static features 

like soil hydraulic properties is crucial because crop yield 

response to identical meteorological conditions can vary 

significantly between different soil types (e.g., sandy versus 

clayish soil). 

2.1.2. The Dominance of Remote Sensing and 

Feature Selection 

Research consistently demonstrates that satellite remote 

sensing of vegetation, quantified through Vegetation Indices 

(VIs) and cumulative exposure metrics derived from them, 

contributes the most significant information to prediction 

skills.2 These derived metrics, which track the plant's 

integrated response and health during phenological stages, 

often prove more impactful than raw meteorological forcing 

data alone. 

Feature selection is a necessary precursor to modeling, 

addressing the "curse of dimensionality" and reducing data 

noise. By rigorously selecting only the most informative 

features, models become simpler, predictive accuracy 

improves, and researchers gain a better understanding of the 

intrinsic factors that most heavily influence crop yield. For 

instance, highly advanced deep ensemble architectures have 

successfully refined input pools, using only 15 selected 

features from an initial set exceeding 100 to maximize model 

performance. 

2.1.3. Comparative Review of Traditional and 

Ensemble ML Models 

Classical machine learning algorithms, including 

Random Forest (RF), Gradient Boosting (XGBoost), Least 

Absolute Shrinkage and Selection Operator (LASSO), 

Support Vector Machines (SVM), and k-Nearest Neighbors, 

have been extensively deployed in yield prediction.3 

2.1.4. Robustness of Ensemble Methods 

Ensemble methods exhibit significant robustness. The 

Random Forest Regressor, a non-parametric ensemble 

technique, offers strong performance, achieving an R2 of 

0.88 and a Mean Absolute Error (MAE) of 14.88 in specific 

regional studies. Its inherent ability to handle non-linearities 

and variable interactions without extensive preprocessing 

makes it robust to noise and resistant to overfitting, often 

performing comparably to more complex deep learning 

approaches. Furthermore, advanced boosting algorithms, 

such as Categorical Boosting (CatBoost), LightGBM, and 

XGBoost, have shown competitive accuracy. In one 

comparison, CatBoost demonstrated the highest precision, 

achieving an accuracy rate of 99.123% and the lowest Root 

Mean Square Error (RMSE) of 0.24 when predicting rice 

yields. 

2.2. Deep Learning Architectures for Time-Series 

Analysis 

Deep learning models, particularly those designed for 

sequence data, have established a new benchmark for CYP 

accuracy. 

2.2.1. The Attention-Enhanced LSTM LSTM_att 

The Long Short-Term Memory (LSTM) network is 

exceptionally well-suited for modeling the temporal 
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dependencies present in meteorological and remote sensing 

time-series data. Integrating an attention mechanism further 

refines this capability LSTM_att. The attention mechanism 

allows the model to dynamically prioritize critical time steps 

or features within the growing season, effectively fusing 

dynamic time-series data with static soil features, leading to 

significantly enhanced predictive skill. 

A key comparative study involving maize in the U.S. 

Corn Belt found that the LSTM_att model outperformed all 

other tested ML models and the widely used PBM. It 

demonstrated the capacity to explain 73% of the 

spatiotemporal variance of the observed yield. Crucially, the 

magnitude of yield prediction errors in the LSTM_att model 

was approximately one-third of the error observed in the 

PBM. This performance differential suggests that the 

sophisticated architecture successfully captures the 

complex, non-linear cumulative effects of weather stress and 

vegetative health, which simpler models miss. 

2.2.2. Deep Ensemble and Transformer Architectures 

Further architectural advancements include deep 

ensemble frameworks and transformer models. The RicEns-

Net architecture, for example, combines multiple deep 

learning models, including Convolutional Neural Networks 

(CNN), Multi-Layer Perceptrons (MLP), DenseNet, and 

Autoencoder architectures, into a single deep ensemble.11 

This approach to multi-modal data fusion maximized 

predictive accuracy, achieving a Mean Absolute Error 

(MAE) of 341kg/Ha, significantly surpassing previous state-

of-the-art results. The use of Autoencoders and DenseNet 

structures, which are often less explored in agricultural 

literature, highlights the value of integrating diverse 

architectural strengths. 

Emerging research introduces transformer-based 

models, such as AgriTransformer, which utilize cross-modal 

attention mechanisms to jointly process structured tabular 

data (e.g., irrigation, crop type) and vegetation indices. 

These models are designed to learn complex 

interdependencies and latent interactions, enhancing 

predictive accuracy and generalization capability across 

diverse field conditions. 

3. METHODOLOGY 

3.1. Data Acquisition and Preparation 

The implementation of a high-performance CYP model 

begins with comprehensive data acquisition. Agricultural 

data is characterized by its heterogeneity, complexity, and 

frequent lack of standardization across different collection 

protocols and organizations, demanding robust cleaning and 

normalization procedures prior to model ingestion. The 

primary datasets synthesized include: 

• Dynamic Meteorological Data: Time-series 

records of daily temperature, precipitation, and 

solar radiation. 

• Static Environmental Data: High-resolution soil 

maps detailing parameters such as soil hydraulic 

properties, Electrica Conductivity (EC) (salinity), 

and Soil Organic Carbon (SOC) levels.2 

• Remote Sensing Data: Multi-spectral imagery, 

including SAR and optical data, used to derive 

vegetation indices (VIs) throughout the growing 

season. 

3.2. Feature Engineering and Selection 

Effective feature engineering transforms raw inputs into 

metrics highly correlated with yield outcomes. A primary 

strategy involves calculating cumulative exposure metrics 

during critical phenological stages, such as cumulative 

growing degree-days or total rainfall during pollination, as 

these long-term integrated effects are often more predictive 

than instantaneous daily features. 

To enhance model stability and performance, feature 

selection techniques are applied to minimize the data's 

dimensionality. This process ensures that the model is 

trained only on the most informative subset of features (e.g., 

selecting 15 optimal features from a pool of over 100, 

thereby mitigating the "curse of dimensionality" and 

preventing the inclusion of noisy or redundant variables. 

3.3. Model Training and Optimization 

Model training protocols prioritize algorithms proven to 

handle non-linearity and complex interactions. This includes 

optimized ensemble techniques (CatBoost, XGBoost) and 

deep sequence models LSTM_att, Transformer variants). 

Training involves cleaning the collected data, structuring it 

for machine learning categorization, and feeding the 

engineered feature sets into the chosen classifiers. 

Hyperparameter tuning is a critical step for maximizing 

the performance of these complex models.18 Techniques 

such as grid search or more advanced optimization methods 

are applied to fine-tune parameters, which is particularly 

vital for deep ensemble frameworks that involve optimizing 

multiple network layers and learning rates. 

3.4. Validation Protocol: Leave-One-Year-Out 

Cross-Validation (LOYO) 

Standard k-fold cross-validation is inadequate for 

agricultural time-series prediction, where the primary 

objective is to predict performance under unknown, future 

climate conditions—a task requiring generalization to non-

stationary environments. 

The rigorous Leave-One-Year-Out Cross-Validation 

(LOYO) protocol is essential for time-series agricultural 

forecasting.4 Under LOYO, predictions for a given test year 

(N) are made using a model trained exclusively on data from 

all preceding years (1 to N-1).20 This ensures that the model's 

ability to generalize is tested against time-sequential data, 

simulating real-world forecasting where data from the future 

is unavailable. This methodology is particularly powerful for 

validating resilience against extreme climate events, such as 

testing a model's performance on a historically severe 
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drought year that was completely absent from the training 

set. 

3.5. Performance Evaluation Metrics 

Comparative performance assessment relies on 

standardized regression metrics: 

• Root Mean Square Error (RMSE): The most widely 

utilized metric in CYP literature, providing a 

measure of the average magnitude of the error.9 

• Mean Absolute Error (MAE): Represents the 

average absolute difference between predicted and 

actual values. 

• Coefficient of Determination (R2): Measures the 

proportion of the variance in the observed yield that 

is predictable from the input features.9 A high R2 

value, such as 0.73 achieved by LSTM_att, 

indicates high explanatory power and robustness. 

4. RESULT ANALYSIS 

4.1. Deep Learning vs. Process-Based Models 

The quantitative evidence strongly supports the 

deployment of advanced DL architectures over traditional 

PBMs for crop yield forecasting. The LSTM_att model 

demonstrated superior explanatory power, accounting for 

73% of the spatiotemporal variance in maize yield across the 

U.S. Corn Belt, a seven-fold improvement over the 16% 

explained by regionally calibrated PBMs. This vast 

performance gap validates the fundamental shift toward 

data-driven models that can better approximate the highly 

non-linear climate-soil-genotype interactions. 

Furthermore, the predictive accuracy, measured by error 

magnitude, was significantly lower for the DL model. The 

RMSE and MAE for LSTM_att were approximately one-

third of the error metrics observed for the PBMs. 

4.2. Resilience Under Extreme Conditions 

The LOYO validation protocol tested model resilience 

by applying the models to the extreme drought year of 2012, 

which was not present in the training set. While the 

performance of both the ML and PBM models dropped, the 

LSTM_ att model maintained a clear performance advantage 

over the PBM, demonstrating superior generalization 

capability in the face of unseen climatic extremes. This 

suggests that the LSTM_att architecture, by effectively 

fusing time-series dynamics and static soil properties, better 

captures the plant’s integrated physiological response to 

prolonged stress, making its predictions more reliable during 

volatility. 

4.3. Analysis of Ensemble and Specialized 

Architectures 

The effectiveness of combining multiple ML 

approaches is confirmed by the success of deep ensemble 

frameworks. RicEns-Net, which integrated complex 

architectures including CNNs and Autoencoders using 

multi-modal data fusion, achieved a low MAE of 341kg/Ha, 

marking a significant advancement over previous 

methodologies. 

Qualitative analysis of model residuals further 

reinforces the choice of complex, non-linear models. 

Residual plots for Deep Learning and Random Forest 

models show errors evenly scattered around zero, indicative 

of low bias and variance across the yield spectrum. 

Conversely, simpler techniques, such as Linear Regression, 

often exhibit heteroscedasticity—where prediction errors 

become larger as the actual yield values increase. This 

demonstrates that linear models fundamentally fail to 

generalize effectively in high-yield or high-stress 

environments, struggling to accurately capture the 

conditional variance necessary for robust prediction. 

Table 1 summarizes the performance metrics and 

architectural strengths of leading CYP models, illustrating 

the technical superiority of deep learning methods. 

Table 1. Comparative Performance Summary of State-of-the-Art Crop Yield Prediction Models 

Model Architecture Key Advantage/Innovation Benchmark Performance Indicator Relevant Findings/Context 

LSTM_att (Deep 

Learning) 

Integration of dynamic (time-series) and 

static features via Attention Mechanism 

Explains 73% of spatio-temporal 

variance in maize yield 

Error magnitude is one-third of Process-

Based Models (PBMs); robust in out-of-

sample extreme drought years 

RicEns-Net (Deep 

Ensemble) 

Deep ensemble framework fusing CNN, 

MLP, DenseNet, and Autoencoder 

architectures 11 

Achieved MAE of 341 kg/Ha, 

significantly exceeding previous 

state-of-the-art models 

Novelty lies in utilizing less-explored 

architectures and multi-modal data fusion 

CatBoost (Advanced 

Boosting) 

Optimized gradient boosting with high 

efficiency and precision 

Achieved 99.123% accuracy and 

RMSE 0.24 in comparative yield 

studies 

Demonstrates the continued relevance and 

competitive accuracy of optimized tree-based 

ensembles 

Random Forest 

Regressor (Classical 

ML) 

Non-parametric ensemble method; robust 

to noise and variable interactions 

R2 of 0.88 (specific regional 

dataset); low bias and variance in 

residual analysis 

Offers greater interpretability and simplicity 

compared to complex deep ensembles 
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5. Future Scope and Challenges 

5.1. The Transition to Prescriptive Analytics 

The achieved level of predictive accuracy enables the 

agricultural industry to move beyond forecasting to 

prescriptive analytics. Future AI systems must provide 

actionable, optimized recommendations rather than just 

predictions. 

This paradigm shift facilitates enhanced sustainability 

by enabling proactive management strategies. High-

accuracy CYP models allow AI systems to predict critical 

events, such as when crops will experience water stress 

based on weather and soil conditions, allowing farmers to 

implement mitigation strategies before yields are negatively 

affected. Prescriptive use-cases include dynamic irrigation 

scheduling and recommending optimal fertilizer types and 

quantities based on specific soil nutrient levels and crop 

needs. This precision minimizes chemical overuse, reduces 

the environmental impact, and contributes to carbon 

footprint reduction through efficient input application. 

5.2. The Imperative of Explainable AI (XAI) 

Despite their high accuracy, the complexity of deep 

learning models often renders them opaque "black boxes".22 

This lack of transparency and interpretability poses a 

significant barrier to adoption, potentially eroding farmer 

trust and complicating the identification and correction of 

biases or errors in AI recommendations.17 

The integration of Explainable AI (XAI) is therefore a 

critical necessity for realizing the full potential of smart 

farming. XAI algorithms, such as LIME (Local Interpretable 

Model-agnostic Explanations) and SHAP (SHapley Additive 

exPlanations), provide local and global insights into model 

decisions, explaining why a specific yield forecast was 

generated or why a particular input quantity was 

recommended. 

Counterfactual explanations, generated by tools like 

dice_ml, offer tangible, actionable insights. For example, if 

a farmer wishes to switch crops, the system can suggest 

specific adjustments in farming practices—such as nitrogen 

content or irrigation levels—required for the alternative 

crop's successful cultivation. By increasing the 

interpretability and trustworthiness of the system, XAI 

fundamentally aids in building farmer confidence and 

transitioning to data-driven decision-making. 

Table 2: The Role of Explainable AI (XAI) in Transitioning from Predictive to Prescriptive Agriculture 

Use-Case Type AI Function XAI Solution/Algorithm Farmer Benefit & Trust 

Fertilizer/Nutrient 

Management 

Recommending optimal 

nutrient type and quantity 

based on soil tests 

LIME/SHAP: Highlighting soil nutrient levels and 

how they specifically match the crop’s 

requirements 

Efficient resource allocation, 

reduced chemical overuse, and 

minimized environmental impact 

Alternative Crop 

Suggestion 

Providing adaptation 

suggestions or 

diversification advice 

Counterfactual explanations (e.g., dice_ml): 

Suggesting specific adjustments (e.g., increased 

nitrogen, different irrigation) needed for a 

successful switch 

Adaptability to climate/market 

shifts; reduced risk of food 

insufficiency by enabling new crop 

growth 

Yield Prediction & 

Market Analysis 

Forecasting expected 

harvest and analyzing future 

price trends 

SHAP/LIME: Identifying specific weather patterns 

or global supply chains as primary influence 

factors 

Informed decision-making 

regarding production planning and 

optimal selling time 

5.3. Advanced Architectural Extensions for 

Scalability and Privacy 

5.3.1. Hierarchical Federated Learning (HFL) 

A major impediment to scaling precision agriculture is 

the challenge of data privacy and the decentralized nature of 

farming operations.5 Hierarchical Federated Learning 

(HFL) offers a privacy-preserving and communication-

efficient solution. HFL enables collaborative model training 

across multiple local devices or farms without requiring the 

raw, sensitive agricultural data to leave the local silo. 

HFL is particularly advantageous in heterogeneous 

farming environments because its hierarchical design allows 

for both intra-cluster specialization (e.g., crop-specific or 

region-specific model layers) and inter-cluster knowledge 

transfer, achieving greater consistency and avoiding the 

volatility seen in traditional centralized models that struggle 

to handle crop-type nuances. Future research will extend 

HFL to include more crop types and explore alternative 

clustering criteria based on resource availability or farm size. 

5.3.2. Domain-Aware Model Design 

The development of domain-aware architectures, such 

as VITA, demonstrates that models specifically engineered 

with agricultural domain knowledge can achieve high 

performance while requiring less computational power than 

general foundational models (e.g., Chronos-Bolt).23 This 

practical approach is crucial for deploying effective, resilient 

agricultural forecasting systems, especially in data-scarce 

regions where computational resources are limited.23 

5.3.3. Implementation and Infrastructure Challenges 

While the technological capability is robust, significant 

infrastructural and socioeconomic hurdles hinder 

widespread ML adoption. Many rural areas globally lack the 

necessary infrastructure, particularly reliable internet 

connectivity, which is essential for transmitting and 

receiving the large volumes of multi-modal data required for 

ML applications. 



IJST                                                                                                                                               Home Page: https://scirojournals.com/index.php/ijst 

 

20 

 

Furthermore, the implementation of ML solutions 

requires significant investment in hardware, software, and 

training, posing a substantial financial barrier to small-scale 

farmers. Beyond cost, challenges related to data availability, 

quality, and a systemic lack of standardization across 

different agricultural data collection efforts persist. Finally, 

ethical considerations regarding data privacy, data 

ownership, and model bias must be proactively addressed to 

ensure the equitable and responsible use of this technology.17 
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