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10 countries hardest hit by weather disasters 

Why Forecasting Extreme weather is so important for our Country? 



Forecast Leads- Applications 



Roxy et al. 2017 

ü It has changed in frequency and intensity as a result of 

climate change (Yin et al. 2022) 

Why Prediction of EREs is Important 

Damage Caused by Floods in India 

Mohanty et al. 2020 

ü In July 2021 alone, EREs caused property damage of around $12 

billion USD in Europe and China (Liang 2022) 

 

üEconomic loss of over $3 billion USD per year in India (Swain 

et al. 2019)  
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Lives Lost to Floods in India 

Source: Rajya Sabha 10Feb 2020 

(https://pqars.nic.in/annex/251/AU829.pdf) 

Asharaf et al. 2017 

ü It has highest share of mortality (46.1%) of all extreme 

weather events in India (Ray et al. 2021) 

Why Prediction of EREs is Important 



  

üTelemetric Rain-Gauge Stations (TRG) ~7000 

 

 

 

 

 

 

 

 

üTelemetric Weather Stations  

    (TWS)  ~950 

   (Temperature, Humidity, Wind Speed,  

     Wind Direction) 

 

Data Used for Validation 



Computer Weather Forecasts are like an experiment! Can we believe the computer weather forecast model? 

Numerical models are not expected to be perfect: Forecast Models are susceptible to inherent errors 
Forecast errors can be due to imperfections in 
VData (Initial and Boundary conditions) 
VPhysics  
VNumeric 
VApproximation in basic equations 
VModel grid 

Systematic errors : Inherent with the model, generally follows specific pattern 
Relatively easier to eliminate 
How to eliminate: Using methods like bias correction 
 
Non-Systematic errors: Random errors, not follows any specific pattern, Relatively difficult to eliminate, mostly 
due to errors in data (Initial and boundary condition) 
 How to eliminate: Using methods like Data Assimilation 
 



Rakesh and Goswami, JGR, 2015 



Model Configuration: Karnataka (3 Km); Bengaluru (666 m)  

üDomain Resolution: 27, 9 & 3 km for d01, d02 & d03 respectively 

üGrid Points: 300 ³ 300 (d01), 352 ³ 352 (d02) and 271 ³ 376 (d03) 

ü Initial & Boundary Condition Data: NCEP Global Forecast System (GFS) 

0.25̄  ³ 0.25̄  three hourly forecast data  

(b) 

(a) 



üDistribution of rainfall events from coastal Karnataka region and ERE threshold at 99.993 

percentile   

Identification of EREs from coastal Karnataka 



ü Distribution of rainfall events from SIK region and ERE threshold at 99.993 percentile   

 

Identification of EREs from South Interior Karnataka (SIK)  



Identification of EREs from North Interior Karnataka (NIK)  

ü Distribution of rainfall events from NIK region and ERE threshold at 99.993 percentile   



üDomain Resolution:  

 27, 9 & 3km for d01, d02 & d03 

 respectively 

 

üGrid Points: 

 300 ³ 300 (d01), 352 ³ 352 (d02) 

 and 271 ³ 376 (d03) 

 

üInitial & Boundary Condition 

Data: 

  NCEP Global Forecast System 

 (GFS) 0.25̄ ³ 0.25̄  three hourly 

 forecast data  
 

Domain Configuration & Locations of EREs 



üOverprediction over the coastal region (windward side of western ghat (WG)) 

üUnderprediction over leeward side of WG 

Spatial Distribution of Average Observed & Predicted Rainfall 



Spatial Distribution of Errors in 24 -h Accumulated Rainfall  

üBias observed in regions 

influenced by orographic lifting 

and associated convection 

 

üModel underpredicted the rainfall 

over western ghats (WG)  

 

üModel overpredicted (bias > 8mm) 

the high intense rainfall over the   

windward side of the mountainous 

WG 

 

ü1200 UTC simulations shown 

lower RMSE than 0000 UTC 

simulations 



source: www.ecmwf.int 

Data Assimilation (DA) to Improve the Analysis 

Model Forecast (with errors) Observations (with errors) 

Analysis (with smaller-errors) 

Computer (with a 

lot of CPUs) 

source: Massimo Bonavita (ECMWF) 
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Where,     ὐ ï Background term       ὐ ï Observation term 

             ὼ ï Analysis field value       ὼ ï First guess 

           ώ ï Observed input         Ὄ ï  Forward non-linear operator   

                          ὄ  ï  Background Error Covariance Matrix 

                           Ὑ   Observation Error Covariance Matrix 

Optimal ὼ_ὥ is obtained by minimizing the cost function  

     ​ ὐὢ π 

ὐ ὐ ὐ 
 

 ὐ ὼ ὼ ὄ ὼ ὼ ώ Ὄὼ Ὑ ώ Ὄὼ   

Background Term Observation Term 

Cost Function for Three Dimensional Variational (3DVar) DA  



Source of the data Variables assimilated in WRF 

AIRS Temperature, Relative Humidity, Dew Point Temperature 

ASCAT Wind Speed, Wind Direction  

Buoy (RAMA & Moored) 
Pressure, Temp, Relative Humidity, Wind Speed & 

Direction 

KSNDMC Temperature, Relative Humidity, Wind Speed 

MODIS Temperature, Dew Point Temperature 

Radiosonde 
Pressure, Height, Temperature, Dew Point Temperature, 

Relative Humidity, Wind Speed & Direction 

SSMI Wind Speed, Precipitable Water 

WindSAT Wind Speed, Wind Direction,  & Precipitable Water 

Data Used in Assimilation 



Experiment Name Source of the data assimilated 

Control (CNT) None 

Ocean Winds ASCAT, Buoy, SSMI & WindSAT 

Satellite Profile AIRS & MODIS 

Station Data KSNDMC & Radiosonde 

All Observations 
ASCAT, AIRS, Buoy, KSNDMC, MODIS, 

Radiosonde, SSMI & WindSAT 

Experimental Setup 

00 

Assimilation Window 

2-day Forecast 

24 36 Time (hour) -12 -15 -09 

Model spin-up time 



Locations of Observations Used in Assimilation 

June 21, 2015 



3D-Var DA in Cyclic mode 

ÅExtreme rainfall event (June 21, 2015) 

simulated using 3D-Var in WRF 

Å24 hour accumulated rainfall from June 21, 

2015 0000 UTC ï June 22, 2015 0000 UTC 

ÅCyclic forecasts are updated with 06 hour 

forecast cycles 

ÅCyclic forecasts initiated at 0600 UTC on 

June 20, 2015 

ÅCyclic forecasts has reduced over-prediction 



Comparison different assimilation Datasets 

ÅHistorical rainfall case over Bangalore: August 14, 2017 

ÅSimulation performed using 3D-Var at 0000 UTC 

Å24 hour accumulated rainfall is compared with Ḑ6000 

in-situ observations from TRG network of KSNDMC 

ÅCNTL represents rainfall from experiment without 

assimilation 

ÅDA_Satellite & in-situ obs represents rainfall from 

experiment with 3D-Var data assimilation using satellite 

profiles & in-situ data from buoy & station data from 

network of Ḑ650 TWS stations 

ÅDA_GTS_OBS represent rainfall from experiment with 

3D-Var DA using NCEP prepbufr data 
 



Spatial distribution of 24-h accumulated rainfall 

ü In assimilation experiment using Ocean Winds, the spatial distribution of rainfall is simulated better. 

 

üAfter assimilation, overprediction in comparison to the control experiment is reduced in the state's south-

east regions. 


