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Introduction

Impact of Analyzed Events

Accurate rainfall nowcasts are essential for flood early warning systems in extreme
events. In addition, developing probabilistic ensemble forecasts can provide an
uncertainty range, supporting better risk management and response planning.

Traditional rainfall nowcasting techniques, such as Lagrangian persistence, are not
able to predict the growth and decay of precipitation. To address these limitations,
methods like STEPS [1,2], ANVIL [3], and SPROG-LOC [4] have been developed.
These methods involve spectral decomposition of rainfall (R) or Vertically
Integrated Liquid (VIL), autoregressive (AR) or AR integrated (ARI) model,
localization, and stochastic perturbations to improve the accuracy of nowcasts.
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Building on these methods, we propose Short-Term Autoregressive Nowcasting
(STAN) [SLAN], a novel probabilistic [deterministic] integrated approach designed to
improve nowcasting performance in convective cases, incorporating improvements | : f ) BEREISD N
such as adaptive localization, and post-processing considering VIL and rainfall. ey | R s
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events for deterministic (SPROG and SLAN), and probabilistic (STEPS and STAN) nowcasting methods. expected to improve through better QPE, VIL estimation and R-VIL relationship.
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