


Necessity of Flood 

Forecasting in Bangladesh

Evaluation of forecasts 

Generating Water level 

Forecast using ANN



1.72 million sq. km of the Ganges, 
Brahmaputra and the Meghna 
basin drains out through 
Bangladesh

Precipitation in this large GBM 
basin causes extreme flood in 
Bangladesh

Ganges Basin 1,087,300 sq. km
Brahmaputra Basin          552,000 sq. km
Meghna Basin 82,000 sq. km

Md. Monowar Hossain et. al., Climate change impact on the discharge of Ganges-Brahmaputra-Meghna (GBM) basin and Bangladesh , 2015



Frequent floods in north-eastern region 
of Bangladesh causes damages to lives 
and property

A reliable forecast with a significant lead 
time can help minimize these losses

https://www.tribuneindia.com/news/world/over-700-000-marooned-as-flash-floods-wreak-havoc-in-bangladesh-112858



In 2020, flood affected around 4 million people

In 2020 alone, Floods caused a damage worth around 
155 million USD in crops, destroying crops in 392,440 
acres of land

https:// www.dhakatribune.com/bangladesh/nation/2017/08/28/rice-production-fall-floods-
deluge-farmland

https://give2asia.org/2020-bangladesh-flood-response/



Bangladesh

Outlet 

Drainage 
Catchment

We want to forecast the water levels at 
an outlet for the Kushiyara River 

located in the North-East region of 
Bangladesh



Lack of Rainfall Data

Long Term data unavailable for suited Hydrologic model 

Use of Inaccurate forecast data



Precipitation5th Generation ECMWF Reanalysis (ERA5)

Water Level and Discharge Bangladesh Water Development Board (BWDB)

Terrestrial Water Storage (tws) Global Land Data Assimilation System with the Gravity Recovery 
and Climate Experiment Data Assimilation (GRACE-DA)

Surface Soil MoistureSoil Moisture Active Passive (SMAP)



Spatial resolution 0.250

March 2015 – June 2017



Precipitation

Terrestrial Water Storage (tws)

Soil Moisture 

ANN Model

Levenberg Marquadt
Algorithm

Water 
Level 

forecast 



The Levenberg Marquadt 
Algorithm was chosen to find a 
correlation between our input 
data and target water levels to 
help predict water levels at 1-day, 
3-day, 5-day and 7-day lead times
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For a Lead Time of 7-days, we observed a Correlation of 0.94 
between the input parameters and water level 7 days later

This is what the generated time series looks like:

Actual Water Level, WL

𝑺𝑾𝑳 ~ = 𝟎.𝟖𝟕 ∗ 𝑾𝑳+ 𝟏.𝟑
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The Correlation values for different lead times look like this:
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Historical Discharge

Precipitation

Soil Moisture ANN Model

Lavenberg-Marquadt 
Algorithm

Water 
Level

Forecast
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Rainfall, tws and soil moisture input Rainfall, Soil Moisture and Discharge input
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A somewhat reliable medium range (5-7 days) forecast is possible using SMAP retrieved Soil 
moisture data and tws data retrieved from GRACE-DA datasets. 

Use of GRACE data is unsuitable for flood forecast due to its latency

Incorporating Discharge data as input can help improve the results even further. 




