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• This presentation is a summary of the two papers we

published in Journal of Flood Risk Management and

Environmental Research Letters. For more details we

refer the readers to these articles.

• According to the United States National Weather Service

(NWS), a flooding event which is initiated within 6 hours is

referred to as flash flood.

• Due to frequent torrential rainfall caused by tropical storms,

thunderstorms, and hurricanes, flash flood is a common

danger across the Southeast U.S. During the past decades,

flash floods imposed 7.5 billion dollars property damages to

southeast US (SEUS).

• We present a framework that considers a variety of features

explaining different components of risk (i.e., hazard,

vulnerability, and exposure), and multiple Machine Learning

(ML) models to predict flash flood damages.

• Over 14,000 flash flood events during 1996 to 2017 were

assessed to analyze their characteristics including frequency,

duration, and intensity.

• The ML model is implemented in two modes: first, as a

binary classifier to estimate whether a region of interest is

damaged in any particular flood event, and then as a

regression model to predict the amount of damage

associated with each event. The results indicated

effectiveness of the proposed methodology in predicting

flash flood damages across the SEUS.

Figure 3. Verification result for the ANN-MLP model for the testing period that is

used to fill out the missing values of the median home values of the Zillow dataset;

R= correlation coefficient.

Damaging vs. Non-damaging Classification

• Analysis of flash flood characteristics shows that the frequency of flash flooding is increasing

across the SEUS. It is higher during summer and spring. The intensity of flash flooding is

increasing and overall, flash flood hazard in Louisiana is higher than other states in the SEUS.

• Here, we proposed a risk-based and physically informed model for predicting flash flood

property damage across the SEUS using several influential factors of geographic,

socioeconomic, and climatic features and machine learning techniques.

• The findings of this study suggest the applicability and usefulness of ML models for

prediction of property damages associated with flash flood events over a large domain.

Materials and Methods

Variable Selection

Figure 6. Flowchart of the variable selection

method, and the final 11 chosen variables (at the

bottom) that are used as input to the Random

Forests model. Red, yellow, blue, and gray colors

are used for variables representing exposure,

vulnerability, hazard, and spatiotemporal

features, respectively.

Damage Prediction Model

Conclusions

Abstract

Figure 2. The schematic

representation of the

flash flood damage

prediction framework.

In the figure, RF stands

for Random Forest, and

AUC is the area under

relative-operating

characteristic curve.

Figure 1. Schematic representation of the proposed framework for flash

flood damage prediction. In the figure, ANN (MLP) stands for Artificial

Neural Network (Multilayer Perceptron), and RF is Random Forest.

One of the variables used in this study is median home value that

explains the flash flood exposure. We utilized Zillow dataset to extract

this information for each flash flood event during 1996 to 2017 over the

SEUS. Unfortunately, the median home value is not available for all

counties and all years in the study period. To overcome this shortcoming,

we utilized Artificial Neural Network (ANN) to predict the missing

median home values.

Filling the Gaps in Zillow Dataset

Figure 7. The spatial variation of input features that are used for

predicting flash flood damages. a) The 2016 relative vulnerability

index (household composition & disability); b) Population of

each county in 2017; c) Median home value in 2017; d) Mean

duration of flash floods during 1996 to 2017; e) Long-term

average intensity of flash flood events during 1996 to 2017; f) flow

accumulation; g) slope for each county; and the monthly (h) and

diurnal (i) distribution of flash flood events during 1996 to 2017.

Figure 8. The performance of the proposed binary

damage classification approach for (a) damaging and

(b) non-damaging flash flood events. The blue and

red colors illustrate the true and false predictions,

respectively. The blue and red colors indicate the true

and false predictions, respectively. The points on the

map show the location of flash flood events. The total

number of correct and incorrect predicted events are

shown for both cases. On the right side of the panels,

the sensitivity and specificity of the model are shown

for each state.

Figure 9. a) The Relative-Operating

Characteristic (ROC) curve of the proposed

Random Forest classifier; AUC = Area Under

Curve. b) The relative importance of features

for the random forest classifier model.

Figure 10. The performance of the

Random Forest model in prediction

of flash flood damage over the

SEUS. The subplots indicate the

histogram of bias during the

training, testing, and the entire

dataset (totaling 5500, 970, and 6470

events, respectively).

Flash flood Characteristics Across the SEUS

Figure 4. The spatial pattern of flash flood

frequency. (a) Frequency of all flash flood

events during 1996 to 2017, (b) the number

of damaging events for the same period,

and (c) the ratio (percentage) of flash

floods that caused property damage during

1996-2017.

Figure 5. Composite plot of flash

flood characteristics, viz., intensity,

duration, frequency and property

damage across the SEUS states. The

marker size, x and y axes, and marker

color represent the mean frequency,

mean duration, mean intensity, and

the mean property damage of flash

floods per event, respectively. The

error bars indicate the variation (one

standard deviation) of duration and

intensity (plotted along the

corresponding axes) among the

counties of each state.
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