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In this article, we would like to share the main findings of an EU-funded research project, named FloodCitiSense,
in developing data-driven urban flood forecasting and warning system. A range of data-driven approaches were explored
throughout the project period; two of them were found to be feasible for the future operation and are further explained here.
The first one is a purely data-driven model. It aims at predicting urban flooding relying merely on historical rainfall data,
flood registry records and some hydraulic features of a given city. The result suggests that this model can well predict if
a given storm may lead to flooding, but it could not further predict the spatial distribution of a flood. The second model
is an analog model. This model characterises the features of the underlying atmospheric variables and rainfall patterns of
historical flood-inducing events. By checking similar features of the current weather condition and rainfall data, this model
can determine if there are similar flooding events in the history, and based upon them, flood and flood probability maps can
be produced. The result suggests the analog model can predict spatial distribution of a flood with a more than 70% accuracy,
which shows a great potential to be used operationally.
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3. Advanced Observation and Rainfall Prediction for Urban
Pluvial Flood Management (RainGain: 2011-2015)
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Problem: Pluvial Flooding triggered by intense rainfall
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x,: Rainfall ion [mm]
X531 S-minute peak rainfall rate [mm/h]

x3: 1-hour peak rainfall rate [mm/h]
x,: Critical duration [min]
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True conditions

True Positive: False Positives: Positive Predictive Rate:
§ 28.6% (14.3%~42.9%) 14.3% (0%~21.43%) 63.6% (30%~75%)
E Areas are correctly predicted as Areas are incorrectly predicted as (63.6% of predicted flooding areas are truly
H flooding flooding area flooding areas)
=)
z False Negatives: True Negatives: Negative Predictive Rate:
"]
2 % (0%~7.1%) 28.6% (28.6%~35.7%) 99.9% (79.9%-99.9%,)
1=
] Flooding areas are incorrectly Areas are correctly predicted as (99.99% of predicted non-flooding areas are truly
predicted as non-flooding arca non-flood non-flooding areas)
True Positive Rate: True Negative Rate:
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correctly predicted as flooding) be correctly predicted) (The overall accuracy is 71.4%)
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