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Abstract

To address the overfitting caused by data sparsity and insufficient utilization of phenological prior
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knowledge in urban-scale wheat meteorological yield prediction, this paper proposes an improved
LSTM model based on spatial-temporal dual-level attention mechanism (ST-Attention LSTM). The
model embeds growth-stage-level and intra-feature attention modules into the standard LSTM
backbone, explicitly encoding phenological priors through independently learned weight matrices
for each growth stage, achieving progressive feature refinement via a “select growth stage first, then
meteorological factors” hierarchy with controllable parameter increment. Leave-one-city-out cross-
validation was conducted on 108 samples from 6 cities in northern Henan Province during 2000~2019.
Experimental results show that the proposed model outperforms benchmark methods such as
XGBoost and Transformer in prediction accuracy; ablation studies confirm that removing the atten-
tion mechanism leads to significant performance degradation; weight visualizations reveal gradi-
ent distributions across growth stages and dominant meteorological factors that objectively reflect
wheat physiological patterns. The model achieves high accuracy, interpretability, and training sta-
bility, providing a lightweight and practical intelligent solution for urban-scale climate risk assess-
ment.
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Figure 1. LSTM architecture topology diagram
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Figure 2. Overall architecture of the ST-Attention LSTM model
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Figure 3. Ablation study on performance degradation
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Figure 4. Predicted vs. actual scatter plot
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Figure 5. Multi-year time series prediction comparison
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