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Research on identification system of urban functional area based on mixed sampling
WU Junjie, WEI Shanshan

(College of Computer Science and Technology, Taiyuan Normal University, Yuci Shanxi 030619, China)

Abstract. With the continuous refinement of urban functional zoning research on the temporal and spatial scale, multi—source data
fusion is conducive to promoting the refined development of urban functional zoning research. However, there is data imbalance in
multi—source data, and this paper uses hybrid sampling algorithms to reduce the impact of data imbalance. The POI data is weighted
by spatial area and public awareness, the two types of data are clustered and analyzed by K-nearest neighbor and LDA semantic
analysis, the frequency density analysis of the two types of data is carried out respectively, and then the weighted average feature
fusion of multi—source data is carried out, and the fused data is divided into single and mixed functional areas according to the
method of frequency density difference, and rendered and displayed on the ArcGIS platform, so as to realize the visual identification
and division of urban functional areas. The accuracy verification is carried out by using the Amap and the functional area recognition
results. The results show that the application of this method can quickly and effectively identify urban functional areas, and the
overall accuracy of functional area recognition is 86.6% , which proves that the proposed method is realistic and feasible and can
provide reference for future urban development planning and management.
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Table 1 POI points represent functional classification table
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Table 2 General area score
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Table 3 Public awareness
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Fig. 4 The proportion of frequency density in a certain area
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Fig. 5 Functional area judgment process
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Table 4 Overview of experimental methods
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Table 5 Functional area identification accuracy
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Fig. 6 Distribution map of functional areas in the main urban area

of Taiyuan City
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