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Abstract 

 

This presentation addresses fine-scale urban air pollution modelling. It establishes that urban pollutant 

concentration is a multi-scale, multi-source phenomenon strongly dependent on urban morphology and 

local meteorology. The talk traces the history of air quality modelling, from Gaussian plumes to urban 

digital twins, and offers a taxonomy of approaches: Gaussian models (fast but with strong assumptions), 

Lagrangian models (suited to transient transport), Eulerian/chemistry-transport models (relevant for 

secondary pollution), and urban CFD (fine-scale resolution around buildings). Significant attention is 

given to data sources: statistical/LUR approaches, geostatistics, low-cost sensors, and data fusion. A key 

message is that at high resolution, uncertainty from inputs (emissions, meteorology, morphology) often 

dominates over numerical solver uncertainty. The talk covers "fit-for-purpose" validation and provides a 

comparative grid of model families. The second half explores AI's contribution: model-order reduction, 

four roles for AI (predict, correct, assimilate, accelerate), and a hybrid physics-data-AI architecture 

identified as the most promising path forward. Risks of AI are also discussed: out-of-distribution 

extrapolation, data bias, lack of explainability, and the need to respect physical constraints. The 

conclusion delivers three takeaways: no model is universal, value comes from the multi-scale chain 

(regional→city→street), and AI is most promising when complementing physics rather than replacing it. 
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