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Context Background & Objectives
Urban Building Energy Models support district- and city-scale energy analysis.
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Process-Driven Model Comparison Results and Discussion
PD1 models building thermal behavior utilizing aggregated component thermal The results show that PD2 improves the physical representation In parallel, machine-learning methods identify the most
capacitances and simplified external boundary conditions. PD2 refines this of facade-specific solar irradiation and external surface influential variables and enable faster urban-scale heating
framework by explicitly calculating surface specific solar radiation, the exterior temperature, supporting a more reliable evaluation of building consumption prediction, thereby reducing errors in simplified
surface energy balance, and incorporating detailed components thermal inertia. heat exchanges. Additionally, it improves energy consumption UBEM workflows.
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