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Fine grained epidemic risk assessment model of urban region functionality aware
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and Telecommunications, Nanjing 210000, China)

Abstract; In response to the need for precise epidemic prevention and control during the pandemic, a deep learning model for fine
grained epidemic risk assessment has been developed, aiming to achieve a balance between epidemic prevention and socio-economic
development. This model focused on exploring real-time prediction of epidemic risks at the street and community level in urban
scenarios. It contained two main modules: region functional feature learning and region correlation mining. Firstly, the region
functional feature learning module integrated the distribution of points of interest (POD with epidemic risk to express the impact
of different urban functions. Secondly, the region correlation mining module maped lower-level grids into higher-level functional
regions based on classifications. The proposed model was validated on the Nanjing 2022 COVID-19 dataset. Compared with tradi-
tional time series methods and spatio-temporal sequence methods, the proposed method achieved a reduction of 8%-23% in mean
absolute percentage error and a reduction of 0. 3-1. 2 in root mean square error. Additionally, the proposed model also significant—
ly reduced the learnable parameter number,
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Fig. 1 Overall architecture of the model proposed herein
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Fig. 2 Region function learning module
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