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Abstract:  Subseasonal-to-seasonal (S2S) precipitation forecasting is crucial for hydrological modeling;
however, its accuracy often falls short of the requirements for hydrological forecasts, necessitating post-
processing. A novel improved version of the Double Machine Learning (DML) method, termed Probabilistic
Double Machine Learning (PDML), is proposed for ensemble post-processing of S2S forecasts. The new PDML
method (Figure 1) extends the classifier from binary classification to multi-class classification, improves the
regressor  from  single-value

output to probability distribution Data Preprocessing

output, and combines the ; - T A T :

classifier and regressor based on R | [ e CNOS.1 reference dataset
total probability theorem. PDML + + 1

not Only quantifies uncertainty | Unify the spatiotemporal scale of the data and remove invalid values |
through ensemble output but also *

Set the precipitation thresholds for

Divide the train set and test set ) 5
level classification

H Standardize the dataset

provides additional consideration
for extreme precipitation events

in the classification and Classifier Regressor
regression  progress.  Various _ : :

. . Train set samples with corresponding level Train set samples with corresponding
maCh]ne ]eamlng methOdS are labels (0/1/2) continuous true values (observation)
compared within the PDML + R —

. . Construct multi-class classification models Construct regression models for each level
framework, ]nChld]ng the state- (comparison of 5 algorthms) (comparison of 5 algorithms)

1 I I I I I 1 I I |
of-the-art ~ Kolmogorov-Arnold [LST™M ][ GRU |[UNET ][ MLP |[KAN ] [LSTM] [[GRU | [UNET ] [ MLP | [KAN ]
Networks. The results indicate ‘ l l I ] ' ' ' ‘ ]

‘ +

that deep 1eaming models based The probability of forecast belongs of each The mean and standard deviation of ensemble

R t N 1 Net Kk level forecast represented by gamma distribution
on ccurren cura CIWOrKs T T
(RNN) and the U-NET = =
architecture perform the best | Combine outputs of classifier and regressors at each time step |
within the PDML framework. It Il
achieves pOSt-prOCCSSing of S28S | Repeat the process for each time step |
forecasts across different Il
timescales and outperforms the | PDML post-processed precipitation ensemble forecast product |
statistical Ensemble Pre- PDML output

Classifier output Regressor level; autput Regressor level; output

Processor (EPP) method. On
average, it improves the original
forecast's correlation coefficient,
critical success index, and root
mean square error by 85.8%, |ILegend =[] Da [ ] Method [ Ouput '
294.6%, and 45.3%, respectively, “—r——rwuuv-—ouor————
and achieves an 8.6% Figure 1. Flowchart showing the structure of the PDML method
improvement on the continuous

ranked probability score compared to EPP. The results demonstrate that PDML can effectively perform ensemble
post-processing of precipitation forecasts across different timescales, quantify uncertainty, and facilitate further
hydrological modeling.
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