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Study area and data

 Budapest

 Hungarian Air Quality Network 

 6 stations

 Copernicus Atmosphere Monitoring Service (CAMS) numerical air quality

models

 Winters of 2018–19, 2019–20, 2020–21, 2021–22



Fusion method

 5 of 6 measurement sites were taken into consideration for cross-validation

 Model forecasts were fitted to the measurements

 Optimal combination of models (simplified from Sofiev et al. 2017)

Sofiev et al. 2017: Multi-model ensemble simulations of olive pollen distribution in Europe in 2014
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Conclusion

 The CAMS ENSEMBLE was better than individual models in terms of 

bias, RMSE and Pearson correlation (r). 

 Bias-corrected models mostly performed better than the 
uncorrected models, especially ENSEMBLE forecast improved for all 

winters with bias-correction. 

 Fusion model performs nearly as ENSEMBLE forecast, however in 

winter stagnation events, it performs better than CAMS and CAMS 

ENSEMBLE models. 

 Model weights were found to be strongly weather-dependent and 

variable among winters with many and no stagnation events. 
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