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Background Methodology
Each year, Bangladesh suffers from fluvial, coastal, urban and flash floods [r— r— —
in different times of year. Physically based model for flood prediction Exponent Backpropagation -
requires intensive monitoring datasets for calibration, accurate soil DRG] = o
properties information, and a heavy computational facility. g © o ]
Extreme meteorological events driven flooding can be difficult to accurately g; z Multilayer Perceptron (MLP) E g
and quickly model using a large integrated process-based modeling w = a 2
system. Therefore, Machine Learning based data driven models can be a 8 é = . - | w
. . L upport Vector Regression (SVR) o
good alternative for better and timely prediction of such flood events. E e 3 S
Five different machine learning techniques- EBPNN, MLP, SVR, DTR, and < g et e = s
XGBoost were used to develop total 180 independent models to find the 'g = T,EES(CART)E o =
suitable one for the study area. 2 =
Accuracy of these models was evaluated using different statistical indices - statistical Extreme Gradient Boosting &
coefficient of determination, MSE, MAE, MRE and explained variance Analysis (XGBoost)
score.
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Figure 1: Study area is located at Someshwari-Kangsa sub-watershed of
Bangladesh-India with a total area of 5772 Sq. KM. Water Level Station
No. SW36 was used for model training, testing and validating. Water Level
data were collected from Bangladesh Water Development Board.
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Figure 2: Correlation between different input datasets were analyzed which have
been depicted through the above plot. High value of correlation indicates linear
dependency between two features. High correlation with the output parameter was
considered for training. Climate data were collected from NASA power.
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Figure 3: a) Depicts the Mean Relative Error (MRE) of the models developed using
five different machine learning algorithms compared to the observed water level
data in validation stage. Initial 25" percentile error data showed both the positive
and negative bias but later models showed the positive bias only.

b) Depicts the Mean Squared Error (MSE) of the models developed using five
different machine learning algorithms in validation stage. Initial 50" percentile error
data of the all models showed less than 0.01 m? error compared to the observed
water level data.
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Performance Evaluation Forecasting Horizon Analysis
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Figure 3: c) Depicts the Mean Absolute Error (MAE) of the models developed using 8 o o o e v o I 001 2 3 4 5 6 7 8 9101 1213141516 17 18 19 20
five different machine learning algorithms compared to the observed water level Forecasting Horizon (day) Forecasting Horizon (day)
data in validation stage. Initial 50" percentile error data showed that mean absolute Figure 4: Among 180 independent models, best performed models of each algorithms were run for 0 to 20 Days (which has been termed as Forecasting
error is less than 0.25m or 25 cm for all of the developed models. Model developed Horizon). Modeled developed using XGBoost technique performed better than any other models for a 6 day lead time with accuracy greater than 85%. Then
using XGBoost had mean absolute error of less than 0.40m or 40 cm till 95" model developed using SVR technique performed better than any other models. Up to 3 day lead time, models developed using EPBNN, SVR, and XGBoost
percentile of total validation data. performed with more than 90% accuracy.
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