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Data from the sensor alone failed to capture extreme water level
events (e.g., >2 feet) (Fig. 3a)

= To address this, we included wind speed "forecasts".

= This was achieved by the true sensor values of wind speed as a

Virginia Beach experiences frequent flooding. To better prepare for To estimate the model prediction uncertainty, we used a deep
future flooding the City of Virginia Beach has installed several real- quantile regression model. This allows us to estimate multiple
time sensors to monitor water levels at key locations. With these quantile predictions defined by using the following loss:

sensors and machine learning we explore the ability to forecast

flooding events which can be used to mitigate their impacts to the Lr=max (7 (yi — ), (T— 1) (¥i — %)) proxy for forecast data to validate our hypothesis.
community. Here, y; is the observed value and ¥; is the predicted value at tt"* quantiles.
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Fig 3: Time series plots for May 2022 and scatter plots for entire test data
linear | when (a) only historical data, and (b) historical with wind forecast
Streets that may flood at "Mlnor flood stage Streets that may flood at the "Action" flood stage Dropout l = By adding wind forecasts we observed a significant increase

Dropout | accuracy, especially during extreme flooding events (Fig. 3b)

Fig 1: Schematic of the flood control system at the Little Neck )
In a May 2022 event, R” score improved from 0.06 to 0.73
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Historical with wind forecast

hours ahead.

= Support early warnings and emergency planning and decision
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