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Abstract The division and identification of urban functional areas is of great significance for analyzing the distribution status of
urban functional areas and understanding the internal spatial structure of cities. This has stimulated the demand for multi-source
geospatial data fusion,especially the fusion of urban remote sensing data and social sensing data. However.how to realize the fu-
sion of urban remote sensing and social sensing data is a technical problem effectively. In order to realize the fusion of urban re-
mote sensing and social sensing data and improve the accuracy of urban function recognition, taking remote sensing images and
social sensing data as examples,introducing a multi-modal data fusion mechanism.and proposing a joint deep learning and ensem-
ble learning model to infer urban regional functions. The model uses DenseNet and DPN network to extract urban remote sensing
image features and social sensing features from multi-source geospatial data,and carries out multi-level data fusion of feature fu-
sion, decision fusion and hybrid fusion to identify urban functions. The proposed model is verified on the URFC dataset,and these
three evaluation index values of hybrid fusion overall classification accuracy,Kappa coefficient and average F1 are 74. 29 % ,0. 67,
71.92% ,respectively. Compared with the best classification method of single modal data,the three evaluation indexes of the pro-
posed fusion model are increased by 18. 83%,0. 24,35. 46% respectively. The experimental results show that the data fusion
model has better classification performance,so that it can effectively fuse remote sensing image data and social sensing data,and
realize the accurate identification of urban regional functions.

Keywords Urban function recognition, Multi-modal data fusion,Deep learning, Ensemble learning, Social sensing
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Table 1  Categorical data distribution of URFC datasets

CategorylD Functions of Areas Num
001 res. 9542
002 sch. 7538
003 ind. 3590
004 rail. 1358
005 air. 3464
006 park 5507
007 shop. 3517
008 adm. 2617
009 hosp. 2867

sop.

B 2 0T LR T e X Rk S AE AS

Fig.2 Remote sensing image sample of nine urban functional areas
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Fig. 3 Summary of average number of visits per week in nine urban functional areas
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Table 4 Result of single-mode classification

Validation Testing
Data Method
Accuracy/ % Kappa Avg.F1/% Accuracy/ % Kappa Avg. F1/%
ResNet 39.57 0.22 22.87 39.48 0.22 23.03
VGG 38.85 0.21 22.46 38.68 0.21 22.32
Image Inception 39.43 0.22 22.64 38.66 0.21 22.28
Xception 39.02 0.21 21.73 38.42 0.21 21.61
DenseNet 40.61 0.23 23.40 40.17 0.23 23.22
LSTM 54.63 0.41 36. 21 54.06 0. 40 36.08
Social sensing

DPN 55.05 0.42 36.35 55. 46 0.43 36. 46
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Table 5 Results of multi-modal data fusion classification
Validation Testing
Data Method - -
Accuracy/ % Kappa Ave. F1/% Accuracy/ % Kappa Aveg. F1/%
Tmage-t B AE Rk A 58.72 0.48 16.82 59. 27 0.49 16. 69
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sensing A A 75. 16 0.68 72.74 74.29 0.67 71.92
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