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Abstract: Aiming at the fine-scale forecasting challenge of 2 m temperature (T,,) in complex terrain areas,
this paper selects the Guangxi Region, a typical area with complex terrain, as the research object and pro-

poses a physics-constrained deep learning forecasting model named PSD-Net, which integrates the forecast
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products of the Pangu-Weather Model. The forecast products of Pangu-Weather (PANGU) are used as
feature variables input. The generator based on the super-resolution generative adversarial network is em-
ployed to extract multi-scale features. Power-spectral-density and Kullback-Leibler divergence are explicit-
ly injected into the loss function as constraint terms so as to improve the consistency of forecast products
with observations in spectral fidelity and probability distribution. Compared to the T, forecast perform-
ance of the ECMWF, SCMOC and PANGU products in the Guangxi Region in 2024, both the grided fore-
casts and station-based forecasts of PSD-Net outperform the compared forecast products. In particular, the
mean absolute error (MAE) of the gridded forecasts is reduced by 37. 6% relative to that of PANGU and
the accuracy is improved by 17 percentage points. The growths of both MAE and root mean square error
(RMSE) for the 1—72 h T,, forecast products from PSD-Net are less than those of the compared forecast
products, and there is a gentle error growth at lead time 25—72 h. In a word, this study has verified the

effectiveness of the physics-constrained deep learning framework in fine-scale T, forecasting which could

provide a new approach for the combination of meteorological and Al models.
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Table 3 ME, MAE, RMSE and ACC of 72 h T,,, forecast products
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ECMWF —0.41 —0.57 1.52 1.62 2.05 2.09 71.5 68.7
SCMOC 0.01 0.23 1.59 1.57 2.13 2.07 70.5 71.1
PANGU 0.17 —0.12 1.49 1. 34 2.00 1.76 72.8 77.3
PSD-Net 0.02 0.23 0.93 1. 09 1.27 1. 46 89.8 85.5
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