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Abstract Based on subseasonal-to-seasonal (S2S) datasets obtained from four models (ECMWF, CMA, UKMO, and
NCEP) and ground-observed precipitation data for April-September 1997-2022, an improved deep residual network

(ResNet) model was developed for the extended-range probabilistic forecasting of persistent extreme precipitation (PEP).
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The deterministic and probabilistic forecasts of the improved ResNet model were compared with those of five other

methods (single-model ensemble, multi-model ensemble, principal component regression, and Bayesian model

averaging). Results demonstrated that the improved ResNet model outperformed other methods in probabilistic

forecasting. The enhanced performance of the ResNet model is attributed to the improvement in spatial correlation

coefficients, which stems from its ability to deeply extract PEP features from the ECMWF S2S data and the optimization

of the ResNet structure. As a result, the improved ResNet model achieves a positive Brier skill score for forecast lead

times up to 30 d, highlighting its considerable potential for extended-range probabilistic forecasting of PEP in eastern

China.

Keywords Persistent extreme precipitation, extend-range forecast, Probabilistic forecast, ResNet model
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Fig. 1 Spatial distributions of (a) thresholds and (b) average duration
days of PEP (Persistent Extreme heavy Precipitation) from April to
October during 1991-2020. (c) Occurrence dates of PEP in the Yangtze
River basin during 2000-2010 from this study (blue) and Lin et al.
[(2020), red]. Black boxes in (a) from bottom to top represent the four
regions: South China, Yangtze River basin, Huanghuai region, and
North China, respectively; black boxes in (b) mark the study regions in
this paper.
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Fig. 2 Structure of the deep learning model. In the figure, n denotes the number of residual layers, and N denotes the set maximum value.
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Fig. 3 Curves of loss function varying with epochs for the ResNet. (a), (b), (c), and (d) represent models with forecast lead times of the Sth, 10th,

15th, and 20th days, respectively. The blue lines denote the training set, and the yellow lines denote the test set.
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Fig. 4 Deterministic forecast verification of PEP by ECMWF Single-Model Ensemble Mean(ECMWF), Multi-Model Ensemble(MME), Principal

Component Regression (PCA), Bayesian Model Averaging (BMA), and Deep residual network (ResNet) forecasting algorithms: (a) POD (probability
of detection); (b) MSR (miss rate); (c) FAR (false alarm rate); (d) ETS (equitable threat score).
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Fig. 5 Spatial anomaly correlation coefficient (ACC) between the
predicted precipitation (PEP) and observed precipitation as a function of
forecast lead time for different algorithms: ECMWE, MME, PCA,
BMA, and ResNet.
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Fig. 6 Variation of Brier Score (BS) for predicted precipitation (PEP)
with forecast lead time for different forecasting algorithms: ECMWF,
MME, PCA, BMA, and ResNet..
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Fig. 7 Comparison of (al-dl) reliability (the correspondence between forecasted and observed probabilities of persistent extreme precipitation

events) and (a2—d2) distribution frequency of each probability bin (histogram) for PEP event forecasts at (al, a2) day 10, (b1, b2) day 15, (cl, c2) day

20, and (d1, d2) day 25 by the ResNet (red) and BMA (blue) models.
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Table 1 Persistent extreme heavy precipitation indices from June 6 to 25, 2024 (bold indicates that the index exceeds the

threshold)
H 3 R H 3 R H3 R H 3 LR
66H 11.99 6H11H 13.18 616H 25.08 6H21H 6.11
6H7H 12.98 6H12H 12.24 6H17H 25.75 6H22H 4.13
6H8H 10.41 6H13H 16.84 6H18H 19.25 6H23H 7.66
69H 11.49 6714H 20.55 6719H 14.24 6/24H 9.31
6H10H 12.31 6H15H 24.12 6H20H 9.36 6H25H 9.87
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Fig. 8 Spatial distribution of Brier Skill Score (BSS) relative to climatological forecasts for ResNet (left column), BMA (middle column), and MME
(right column) at different forecast lead times: days 1-5 (first row); days 6-10 (second row); days 11-15 (third row); days 16-20 (fourth row); days
21-25 (fifth row); days 2630 (sixth row).
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Fig. 9 Spatial distribution of daily observed precipitation (shadings, units: mm) over South China from June 6 to 25, 2024, and corresponding PEP

probability forecasts (lines; orange for 55%, red for %, dark red for %, purple for 95%) based on the ResNet model. The ResNet model initiation time

is June 3, 2019. The top right corner of each subgraph indicates the forecast date, and the top left corner indicates the lead days of the forecast date

relative to the initiation time.
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Fig. 10 Same as Figure 9, but for the Yangtze River Basin from June 12 to July 1, 2019.
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