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CLIMATE CHANGE

*https://guardian.ng/opinion/nigeria-and-climate-change/



CLIMATE CHANGE



CLIMATE MODELING

• Hotter Temperatures

• Severe storms

• Increased Droughts

• Increased Floods

• Warming, rising Ocean

• Loss of species

• Decreasing food production

• Increased health risk

• Poverty and displacement

Existing infrastructure may not be sufficient to handle effects of 

climate change!

Sudheer et al., (2019) studied the role of existing reservoirs on 2018

floods in the Periyar river basin, Kerala

• Reservoir operations could not have helped in avoiding the flood

situation

• Reliability of rainfall forecast at lead times where operations can

help is low



CLIMATE MODELING

*(Ruddiman, 2001)



DOWNSCALING

(*Khan and Pilz, 2018)

Dynamic Downscaling: GCM simulations are used to 

drive a regional, numerical model at higher spatial 

resolution

Statistical Downscaling: A statistical relationship is 

established from observations between large scale 

variables and is then subsequently used on the GCM 

data to obtain the local variables from the GCM output



OBJECTIVE



METHODOLOGY
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Temperature – Future Period
Weather Generator Post Processing

Downscaled Temperature –

Future Period



VALIDATION



PREDICTOR SET



PREDICTOR SET
GCM Variable (Predictors) Pressure Level (hPa)

Maximum Temperature

Surface

Minimum Temperature

Sea Surface Temperature

Mean Sea Level Pressure

Surface Upward Latent Heat Flux

Surface Upward Sensible Heat Flux

Surface Upwelling Longwave Flux In Air

Surface Upwelling Shortwave Flux In Air

Zonal Wind Speed

500, 850, 1000
Specific Humidity

Relative Humidity

Geopotential Height

Large scale climate variables that are known to drive

regional temperature are considered as potential

predictors (Huth, 2004; Pang, Yue, Zhao, & Xu, 2017;

Pomee & Hertig, 2021)



PREDICTAND DATA

Grid No Latitude Longitude

Maximum Temperature Minimum Temperature

Mean Variance Mean Variance

1 10.375 77.125 27.26 7.21 18.25 3.39

2 10.625 76.375 31.40 6.29 23.16 2.78

3 10.625 76.625 31.45 7.13 22.68 3.15

4 10.625 76.875 31.78 7.95 22.66 3.53

5 10.625 77.125 31.92 7.71 22.60 3.60

6 10.875 75.875 31.70 5.41 23.52 2.77

7 10.875 76.125 31.58 5.80 23.33 2.73

8 10.875 76.375 31.94 6.37 23.38 2.90

9 10.875 76.625 30.89 7.25 21.77 3.29

10 10.875 76.875 31.71 8.06 22.23 3.67

11 10.875 77.125 31.86 7.93 22.22 3.77

12 11.125 76.375 29.47 6.67 20.55 3.07

13 11.125 76.625 28.03 7.52 18.53 3.50



RESULTS
SPATIAL DOWNSCALING

Relevance Vector Machine : 

Calibration Period : 1951 – 2000

Validation Period: 2001 – 2005

Kernel Function: Radial Basis Function

NSE > 0.5  

Correlation Coefficient > 0.6  

NRMSE < 0.06

Fig: Performance of selected spatial downscaling models for maximum temperature in

their calibration periods



RESULTS
TEMPORAL DOWNSCALING

Weather Generator: Random series generated using 

probability distribution is ordered using spatially downscaled 

temperature as monthly mean

• Post processing procedure proposed by (Iman & Conover, 

2007) is adopted to shuffle the downscaled temperature to 

show the observed correlation with regional daily rainfall 

data.

Correlation Coefficient > 0.4  

NRMSE < 0.09

Fig: Performance of temporal downscaling procedure for Maximum Temperature



GENERATION OF FUTURE TEMPERATURES



CONCLUDING REMARKS



REFERENCES



THANKS

mailto:joseampiath@gmail.com
mailto:101804102@smail.iitpkd.ac.in

