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Abstract

To address issues such as the inadequate representation of local effects in 2-meter air temperature
forecasts, this study uses upper-air data from ERAS5 reanalysis, ground station observations, and 30 m
resolution topographic data to construct a regional high-resolution temperature correction model
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based on the LightGBM algorithm in Huanggang. Model comparison results show that the LightGBM
model performs best in both prediction accuracy and training efficiency, demonstrating strong poten-
tial for operational application. Independent forecast test results show that compared to ERAS5, the
model reduces MAE by 16.02% (11.54%) and RMSE by 12.63% (10.78%) in April (July), with the ac-
curacy increased by 9.71 (5.53) percentage points. Although both the model and ERAS5 exhibit a spatial
error distribution characterized by lower errors in plains and higher errors in mountainous areas,
the model achieves better performance metrics and more prominent improvement effects in moun-
tainous regions. Furthermore, its ability to capture spatial details and local centers within tempera-
ture field is significantly superior to that of ERA5, providing technical support for high-resolution tem-
perature forecasting in complex topographic regions such as the Dabie Mountains.
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Table 1. Comparison of forecasting performance among different algorithm models
# 1. TEEEERTHRMgERTEE
FLVFAR T MAE/C RMSE/C R2 CVR? IR T /s
EARHENE] 1.582 2.052 0.958 0.952 +0.011 12.56
I EVE| 1.581 2.051 0.958 0.952+0.011 13.12
LightGBM 0.657 0.876 0.992 0.975 + 0.005 26.32
XGBoost 0.692 0.922 0.991 0.977 + 0.004 31.22
BEMLARAK 1.101 1.447 0.979 0.963 + 0.007 79.45
LE AR 0.757 1.017 0.990 0.987 + 0.006 146.22
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S 1) LightGBM BERIZE A KBRS, H MAE (0.657°C)5 RMSE (0.876 C)ifik, #ZkMEREIE MAE
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Figure 2. Spatial distribution of model evaluation metrics in April
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Figure 3. Spatial distribution of ERAS evaluation metrics in April
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Figure 4. Spatial distribution of differences between model and ERAS evaluation metrics in April and July
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Figure 5. Temperature distribution from station observations, model, and ERAS
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