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Physics-informed machine learning framework

for reasoning real-time urban climate map

o
e

O # z
Choi,

al
o

Jinwoo

ol Xl
— —

Kong, Minjin

s e

Hong, Taehoon

Abstract

The aim of this study was to suggest a machine learning-based framework to predict integrated urban climate maps with airflow and

temperature information of urban domains in real time. To achieve this, a combined machine learning architecture of physics-informed neural

networks and physics-informed neural operators was developed to ensure both computational efficiency and prediction accuracy. The

framework adopted sub-model layers to minimize learning noise derived from physics-informed constraints,

effectively predicting flow

velocity, flow direction, temperature, and relative humidity of urban regions simultaneously. The framework facilitates practical applications

in energy-efficient urban planning and climate adaptation.
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