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1 Local water managers need reliable forecasts of daily precipitation to ¢ (days)

monitor precipitation deficit and forecast meteorological droughts.
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1 According to local end-users, currently precipitation forecasts are

. . Fig. 2. : a) Results of 1 day forecasts obtained with Vanilla LSTM (univariate and multivariate), plotted against
reliable up to a lead time of 15 days.

, \ climatology and observations b) ) Results of 30 days forecasts obtained with Vanilla LSTM (univariate and
[ Accurate daily precipitation forecasts with a lead time up to 30 days multivariate), plotted against climatology and observations

are needed to plan drought mitigation interventions.

O For 1 day forecasting, LSTM models perform slightly better than climatology
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This research aims to explore the use of different LSTM models to predict o / i (MAE = 2.06 mm for multivariate LSTM, MAE = 2.5 mm climatology), but do not
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atmospheric and global climate data. { ' 1 For 30 days forecasting, all the LSTM models perform similarly to climatology.
i i MAE is overall low (<1 mm), but LSTM models predict always values around the
: o 1 Day average daily precipitation (Fig. 2 b)
N Multivariate i  Vanilla LSTM model performs overall better than the other LSTM models, with

better results for the multivariate cases.
Bidirectional

()

The area of Rijnland, the \ ;

Netherlands, is located at the end of """""""""" J LSTM models could not accurately predict daily precipitation, despite the lead-
the Rhine delta. Recently, it has been T ' time and model architecture selected. Better results are shown for predicting
affected by summer droughts, which one day rainfall, but peaks are not well captured, but still not satisfactory.

have been occurring more frequently 1 The possibility of including existing precipitation forecasts in the input variables

in the past years. From Performance evaluation | will be explored |n- the futurg, -usmg LSTM to post-process existing forecasts
rather than generating ne predictions.
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