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Fig.3 Recognition results of different feature combinations in study area 1
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Fig.4 Recognition results of different feature combinations in study area 2
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Table 5 The comparisons of classification accuracy from four semantic models in study area 1 (Unit: %)

R A B G M R A S OA Kappa
pLSA 60.00 85.99 80.00 81.07 67.43 62.50 45.24 78.32 71.46
LDA 61.74 89.55 82.35 82.84 71.07 75.00 57.14 81.2 74.68
STM 65.22 90.74 92.94 82.25 72.21 75.00 64.29 82.74 76.73
ETM 62.61 93.11 95.29 85.21 73.58 87.50 69.05 85.67 81.68
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Table 6 The comparisons of classification accuracy from four semantic models in study area 2 (Unit: %)

AR A B G M R w S OA Kappa
pLSA 59.85 89.14 61.25 89.16 63.47 90.37 28 80.47 72.19
LDA 62.88 90.67 62.5 86.75 67.07 95.56 28 80.99 73.53
STM 70.45 92.19 66.25 90.36 68.26 92.59 32 82.91 77.86
ETM 67.42 95.43 68.75 98.8 70.06 97.04 36 85.78 80.03
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Identify Urban Functional Zones Using Multi Feature Latent
Semantic Fused Information of High—spatial Resolution
Remote Sensing Image and POI Data

Gao Ziwei', Sun Weiwei’, Cheng Penggen', Yang Gang’, Meng Xiangchao®
(1.School of Surveying and Mapping Engineering, East China University of Technology,
Nanchang, 330013, China;
2.Department of Geography and Spatial Information Techniques, Ningbo University, Ningbo 315211, China;
3.Faculty of Electrical Engineering and Computer Science, Ningbo University, Ningbo 315211, China)

Abstract: Accurate identification and division of urban functional zones play an important role in rational plan-
ning of urban development and solving urban problems. Remote sensing images have rich spectral texture fea-
tures, but it is difficult to characterize the social and economic attributes of buildings, while urban data such as
social media data provide rich data resources for urban research and application, and supplement the internal
characteristics of buildings missing from remote sensing images. In this study, multi-feature information of
high—resolution remote sensing image and POI data is integrated and embedded topic model is used to mine its
potential semantic information to identify urban functional areas. Three experiments were designed with two typ-
ical urban business districts in Ningbo as the study area to verify the effect and performance of the research meth-
od. The results show that this method can achieve 85.67% and 85.78% classification accuracy, and can accu-
rately identify urban functional zones. At the same time, the multi—feature information of spectral, texture, ge-
ometry and POI feature combination can significantly improve the identification accuracy of urban functional
zones, and the embedded topic model can mine the high—level potential semantic information of multi—features
better than the three mainstream topic models of pLSA, LDA and STM.

Key words: High spatial resolution remote sensing image; POI; Urban functional zones identification; Multi-
feature information fusion; Topic model



