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Evaluation of AROME NWP model in forecasting extreme
weather events in Morocco



Context

• Heatwave: Fires Burned Over 1,200 Hectares of Moroccan Forest in July 2021

• Extreme climate events cost Morocco over $575 million per year (World Bank)

• Extreme Weather Events are more frequent and intense



Dataset & Study Domain

• Archive of Observations from SYNOP from 2016-2024

• Archive of Hourly Forecasts of AROME Cycle 43 2.5 km from 
2016-2024

• Max Lead-time 72h

• 44 Weather Station

• Surface Weather Parameters (T2m, RH, MSLP, WS, RR, FFX)

• Diversity of Micro-Climates



Definition of Extreme Events

• RR -> Total RR from 18h (J) to 18h (J+1)

• TM -> Min T2m from 6h(J) to 6h (J+1)

• TX -> Max (T2m) from 18h (J) to 18h (J+1)

• FFX -> Max (WS10m) for 24h

• Probability that the   Variable > Q95,Q96, Q97, Q98



Verification Scores

Continuous Verification Probabilistic Verification



Hourly Bias and RMSE

• Max Bias of T2m ~2 °C and 
RMSE ~ 5 °C

• RH Bias ~ -5 % and RMSE ~ 15%
• WS10m Bias ~ 0 m/s and RMSE 

~ 2 m/s
• MSLP Bias ~ 0 hPa and RMSE ~ 

1.5 hPa
• Scores getting bad with greater 

leadtimes -> Predictability 



Bias and RMSE at J Extreme

• Weak Bias for All the parameters  except for some locations (TX and TM <2°C, FFX>1.5 m/s , RR ~ 0mm)
• RMSE superior to 2 in magnitude for all the parameters (except for some locations (desert for RR))



Bias and RMSE at J+1 Extreme

• Weak Bias for All the parameters  except for some locations (TX and TM <3°C, FFX> 2 m/s , RR ~ 0mm)
• RMSE superior to 3 in magnitude for all the parameters (except for some locations (desert for RR))
• Bias and RMSE in J+1 is larger than in J



Bias and RMSE Extreme J+2

• Weak Bias for All the parameters  except for some locations (TX and TM <3°C, FFX> 2 m/s , RR ~ 0mm)
• RMSE superior to 4 in magnitude for all the parameters (except for some locations (desert for RR))
• Bias and RMSE in J+2 is larger than in J and J+1 (Predictability)



Wind Gust (FFX)

• POD > 0,96 for all quantiles
• FAR < 0,07 for all quantiles 
• Better scores for high quantiles
• Better scores for most recent days



Wind Gust (FFX)

• SEDI > 0,96 for all quantiles
• EDI > 0,97 for all quantiles 
• Better scores for high quantiles
• Better scores for most recent days



Max Temperature (TX)

• POD > 0,86 for all quantiles
• FAR < 0,13 for all quantiles 
• Better scores for high quantiles
• Better scores for most recent days



Max Temperature (TX)

• SEDI > 0,96 for all quantiles
• EDI > 0,86 for all quantiles 
• Better scores for high quantiles
• Better scores for most recent days



Precipitations (RR)

• POD > 0,96 for all quantiles
• FAR < 0,14 for all quantiles 
• Better scores for high quantiles
• Better scores for most recent days



Precipitations (RR)

• SEDI > 0,96 for all quantiles
• EDI > 0,93 for all quantiles 
• Better scores for high quantiles
• Better scores for most recent days



Conclusion

• AROME shows weak bias and RMSE for continuous verification for 
most parameters (except RH)

• Regarding probabilistic verification AROME shows high scores > 96% 

• Scores depends on locations

• Degradation of scores with high predictability



Perspectives

• Verification of AROME relatively to seasons and climate types

• Probabilistic verification of AROME-EPS

• Investigating Calibration methods using AI algorithms
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