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meteorological series, and satellite indicators enables early‑season forecasts that outperform conventional
statistical baselines and even some official forecasts. County‑level yield prediction in the U.S. Midwest has shown
that XGBoost models using hundreds of environmental features can provide reliable maize forecasts several
months before harvest, improving on models based only on basic weather or historical yields. Reviews of
precision agriculture emphasize that such predictive systems contribute to resource optimization, risk management,
and food‑security planning by linking sensing technologies, big data platforms, and advanced analytics into
operational decision support tools.

Despite these advances, several limitations constrain the reliability and transferability of current soil-climate yield
models. Studies comparing algorithms against simple baselines show that, under realistic forecasting setups using
ordered train-test splits, ML models sometimes offer only modest gains over farm‑level average yields, especially
when weather forecast errors are ignored. Systematic reviews also highlight persistent challenges with obtaining
high‑quality, harmonized datasets on soil nutrients, management, and high‑resolution yields, which can limit
model generalization across regions and seasons. In addition, many models are trained and validated under
random data partitioning, leading to over‑optimistic performance estimates for true out‑of‑sample prediction.
Future research directions point toward hybrid, transferable, and explainable frameworks. Hybrid models that
couple process‑based crop simulators with ML or deep learning have improved accuracy and reduced uncertainty
in semi‑arid maize systems, particularly when fusing remote sensing, climate, and soil information. Domain
adaptation and transfer‑learning approaches, including partial adversarial networks, are beginning to address
domain shifts between ecological zones and could substantially improve cross‑regional maize yield prediction.
Reviews stress the need for standardized data protocols, interpretable architectures (e.g., SHAP‑ or XAI‑enhanced
models), and scalable, crop‑agnostic pipelines so that soil nutrient and climate‑based yield prediction can be
robustly embedded in precision agriculture and sustainability strategies.
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