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Rain Gauges

- accurate
- essentials for ground truth verification

- spatial limitations

Satellite

- high spatial density

- high temporal frequency
- inaccurate

Use of satellite-derived . .
.. Accurate + Reliable estimates
precipitation products



Dataset and Locations

Gauges with annual

e Earth observed . L :
maximum daily timeseries
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e Total stations 579 stations
e Common period 21 years (2000-2021)
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Methodological Framework
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Precipitation (mm)

Results on Annual Maximum Daily Data:
Ombrian Bluecat

e Ombrian curve on the test data
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Model RMSE | MAE | NSE | KGE

Satellite  17.14 13.31 0.78 0.65
——Satellite
M Fregletion ML model 21.39 13.85 0.65 0.43
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Ombrian Bluecat
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End of PICO presentation!

Thank you for your attention!



Scope + Objectives ->
ML with stochastic integration

» Presentation of a new methodological framework for merging satellite and earth observed
precipitation data.

» Application and comparative analysis of ML models (LR, RF, XGBoost, CatBoost) to produce
accurate precipitation data from satellite products.

» Transformation of the ML model into a stochastic predictive framework with uncertainty
guantification.

» Development of a stochastic machine learning framework to process satellite-derived
annual maximum daily precipitation for improved intensity—time scale—return period curve
estimation (Ombrian Bluecat).

» Integration of satellite and ground precipitation data for Greece using ML, for the first time.



Datasets and Locations
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Methodological Framework
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Bluecat

e Application of Bluecat methodology to the output of the ML model trained on daily
precipitation data.
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Ombrian Bluecat

* Main difference from original Bluecat:
Instead of computing the mean of the 2m + 1 sample points, we randomly select a single
point from the sample y;,.q4;- Repeating this process for each test point produces a stochastic
realization.

* We want to capture the distribution of the output true values
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Satellite Rainfall (mm)

100

Results on Daily Data: Regression

e ML results

e Satellite results
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Bluecat

Reliability on test stations
== = Expected Coverage: 90%

Results on Daily Data

==« Mean Empirical Coverage: 88.7%
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Results on Daily Data: Bluecat

* Uncertainty width of predicted precipitation
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Satellite Rainfall (mm)

Results on Annual Maximum Daily Data: Regression

e Satellite results
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Precipitation (mm)
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Results on Annual Maximum Daily Data:
Ombrian Bluecat
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Precipitation (mm)

Results on Annual Maximum Daily Data:
Ombrian Bluecat

We first apply a standardization transformation and then the Ombrian Bluecat
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Results

» Raw satellite data provide poor estimates of precipitation, highlighting the need for alternative methods for
merging with ground observations.

» Tree-based models, outperformed linear algorithm, achieving the highest scores in both classification and
regression tasks in daily and annual data.

» Although ML models improve upon raw satellite data, their smoothing leads to a loss of extreme precipitation
variability and leads to underestimation of extreme values.

» Stochastic upgrade of deterministic model successfully quantify the uncertainty, ensuring greater reliability
and honesty.

» Ombrian Bluecat efficiently reconstructs the original distribution, making it ideal for deriving rainfall
intensity—time scale-return period relationships.

» The recommended approach is simple, transparent and ensures efficiency.
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