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Urban Block Change Detection Method Based on Land Use/ Land Coverage
Time Series: A Case Study of the Jiangbei New Area in Nanjing City
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Abstract: Understanding the dynamic physical information of cities is crucial for refined urban design and management. Existing remote sensing
time series change detection methods based on modeling rely heavily on high-quality sample labels and efficient spatiotemporal feature represen-
tation, which poses challenges for practical applications. Moreover, current regional or global land cover mapping products primarily cater to pix-
el-level analysis, large-scale temporal change detection and analysis oriented towards urban block scales remains to be further explored. The ap-
plicability of these products for this task requires further investigation. We proposed a scene-level time series change detection method for urban
blocks. We utilized OpenStreetMap road network data and ESRI’ s land use/land coverage (LULC) product to obtain multi-element combina-
tions of LULC time series for urban blocks. By constructing a block-scale LULC semantic representation and change measurement method, we
extracted the semantics of multi-factor changes such as the number of changes in each block, the cut-off year of the latest change, the longest du-
ration of change, and the change category. Taking Jiangbei New Area of Nanjing as an example, we verified and discussed the effectiveness of
proposed method. The results show that the average accuracy of semantic extraction results of LULC multi-factor change of 682 blocks in Jiang-
bei New Area from 2017 to 2023 is 0.78, and the total time is 13.15 s. The proposed method can efficiently carry out the task of detecting
large-scale urban block time series changes, and the results obtained from the detection results of urban block multi-element changes can better re-
flect the spatio-temporal dynamic characteristics of urban development.
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