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Figure 2 Schematic diagram of attention module
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Figure 4 The confusion matrix of this method in NYUD2
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Scene Recognition Based on Privilege Information and Attention Mechanism

SUN Ning', WANG Longyu'?, LIU Jixin', HAN Guang'

(1.Engineering Research Center of Wideband Wireless Communication Technology of Ministry of Education, Nanjing University
of Posts and Telecommunications, Nanjing 210003, China; 2.School of Communication and Information Engineering, Nanjing U-

niversity of Posts and Telecommunications, Nanjing 210003, China)

Abstract: In the scene recognition, in order to use the complementary information contained in the depth ima-
ges and the RGB images in the test phase with only RGB images, this paper used the depth image as the privi-
lege information, and proposed an end-to-end trainable deep neural network model to combine the privilege in-
formation and attention mechanism. In the proposed method, the image encoding, feature decoding and then
image encoding were used as the framework to establish a mapping relationship from RGB images to depth ima-
ges and to high-level semantic features of depth images. By using of the attention mechanism, the high-level
semantic features of RGB images were fused with the corresponding high-level semantic features of the depth
image. And these two features were fed into the classification network to make the final prediction. In the test
phase, only RGB images would be used, and the performance of scene recognition could be improved with the
help of privilege information extracted from depth image. Through a large number of experiments, the method
in this paper achieved 51. 5% in the SUN RGB-D scene identification database and 65.4% in NYUD2 data-
base, which verified the effectiveness of the method in this paper.

Key words: scene recognition; privilege information; attention mechanism; convolutional neural network



