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Abstract In most vision tasks related to human hands,such as human computer interaction and sign language recogni-
tion, hand detection is a distinctly important preprocessing phase. With the development of RGB-D data acquisition e-
quipment, the extra depth data can complement the color data effectively,so they can provide more powerful feature rep-
resentation. The traditional detection methods based on hand-crafted features(skin color or HOG) cannot form a well
hand representation. While a lot of detection methods based on deep learning can avoid such weakness by learning effec-
tive features from data. To combine the advantages of RGB-D data and deep learning,a two-stream Faster R-CNN de-
tection framework was proposed in this paper. The proposed method adds an extra depth stream information,and com-
bines it with RGB stream information in the feature level. The experiment results show that the proposed method can
achieve a higher detection precision than the Faster R-CNN framework which uses RGB or fuses the RGB and Depth in
the data level. Thus,the proposed method can fuse the color and depth data effectively,and improve the performance of
hand detection.
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Fig.1 Detection flowchart of Faster R-CNN framework
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R-CNN framework
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Fig. 3 Sample of RGB-D image pair before and after aligning
depth pixel to RGB image space
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Fig.4 Some examples of Chal.earn hand detection dataset
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Fig.5 Four different frameworks for hand detection
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Table 2 Changes in average precision on test set of four

different frameworks
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