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Street Scene Change Detection Based on Multiple Difference Features Network

ZHAN Rui, LEI Yin-jie, CHEN Xun-min and YE Shu-han

College of Electronics and Information Engineering, Sichuan University,Chengdu 610065, China
Abstract Street scene change detection plays an important role in the study of natural disaster damage and urban development.
Its main goal is to mark out the changing areas in the pair of input images, which is essentially a semantic segmentation problem
of binary classification. There may be many interference factors such as light, weather,background noise.viewpoints error and so
on when taking street view pictures at different times,which challenges traditional change detection methods. To solve this prob-
lem,a new neural network model (Multiple Difference Features Network, MDFNet) is proposed. First, siamese networks are used
to extract the different depth features of pairs of input images,and the difference modules are used to calculate the difference of
the same depth features to effectively obtain the change information of different depth. Then,by using JPU module to fuse multi-
ple difference features,the deep semantic information can be extracted without losing detail information. Finally, the pyramid poo-
ling module is used to generate the change detection image of the binary classification combined with the global and local informa-
tion. MDFNet has obtained 0. 787 and 0. 862 F-scores in the GSV and TSUNAMI part on PCD dataset with 5 fold cross-valida-
tion, which are 11. 9% and 2. 9% higher than the second ranked DOF-CDNet,and can segment the change details more accurate-
ly. Therefore,the proposed model can effectively deal with interferences and has an excellent detection ability for complex scenes.
Keywords Image processing, Convolution neural network, Change detection, Semantic segmentation, Multiple difference fea-

tures, Feature fusion
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Fig. 1 Street scene change detection dataset
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Table 2 Comparison of F-Score from MDFNet with different

structures

GSV TSUNAMI GSV & TSUNAMI

MDFNet(VGG16) 0.787 0.862 0.813
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MDFNet(ResNet18) 0.769 0. 849 0. 790
MDFNet(ResNet34) 0.769 0. 845 0.798
MDFNet(ResNet50) 0.756 0. 843 0.795
MDFNet(ResNet101) 0.756 0.826 0.758
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