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Introduction & Background Methods Table Data
Importance of Flood Depth Estimation in Flood Risk Management - Various hydrological, geographical, and meteorological datasets were acquired for the WIND ) RAIN ) TIDE
duration each researched hurricane produced rainfall in each system’s investigated . )
- Flooding affects tens of thousands of people directly every year globally. With the exacerbation watershed. Stream gauge data was collected to determine water level in rivers, tide data was 0 »
of g[obal_ Warming, fl_OOding effects are intensifying’ disrupting businesses, infrastructure, and collected to include tidal effects on flooding, soil moisture data was obtained to determine 100 % 10
environments. antecedence, high water mark (HWM) data was used as a target variable for verification of N “ 8
flood height, and rainfall, maximum wind speed, and storm track data were collected due to
- Inaccurate predictions can result in loss of lives and property due to inadequate preliminary their major roles in causing flooding. ’ | | | | | | | I | | I I I | : | | |I
infrastructure investments or individual preparation o 2RR S - I ' vl B R e o
- All data with the exception of storm track data was downloaded from U.S. Government
- There are different difficulties in flood estimation depending on the method used. Estimating websites such as the NOAA and NHC, recorded by numerous U.S. Government-maintained
floods through physical models requires thorough data, and large-scale inundation models are sites. These were saved as Comma Separated Values files and processed through a python Results & Discussion
prone to overestimation and an over-reliance on topographic data, making them unable to address code filterer. Extraneous data were removed and the rest was formatted in the first round of
most regions susceptible to flooding. In addition, training a model on a lack of diverse data can filtration. The second round filtered the intermediary file to determine each station’s most Regarding the data collected, there is not a consistent correlation between all storms between
lead to inaccurate predictions for other locations. notable data point; maximums and total values for each site in a watershed during their rain, wind, tide, and HWM data, with the exception of occasional consistency between rain and
respective storms. wind, and a lack of any correlation between most other variables. The strongest correlation is
Machine Learning in Flood Forecasting found between wind and rain from Hurricane Irma (-0.78), which result in the removal of one
- ArcGIS Pro was utilized to display spatial interpolation of the filtered data sets to estimate variable from further analysis in this scenario to avoid problems with the machine learning model.
- Machine learning has the capacity to improve the accuracy of flood estimations by considering a conditions throughout the entire watershed that lack sites directly representing location- This data implies significance of location and situation-specific variables in flood hindcasting.
wide range of location-specific data, while considering location-specific influences, to create specific data. This helps generate logical data more completely within a watershed, and also
algorithms adaptable to any specific flood situation. In addition, they are incredibly cost-effective allow manual removal of possibly erroneous data points by visualizing data. The lack of correlation between wind, rain, tide, and HWM show that any single variable can be
and hundreds of times quicker to run, helping determine effective protection strategies for different . . responsible for a storm’s destructive force. Testing the viability of the machine learning model in
watersheds, and allows more local policy to be effectively implemented. Correlation Matrixes other regions and other times is important to determine the model’s versatility for the sake of

more accurate localized forecasts, as results will indicate how well this and similar models can

- The study developed an ML-based model, combining an Artificial Neural Network algorithm with be applied to flood management forecasts, and in turn, area-specific protection methods.

feature selection methods and geospatial data to train, cross-verify, and test a generic model
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essential to train and test the machine learning model to grasp the complexities of flood dynamics

and enhance its predictive capabilities. Acknowledgements
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