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Kinect Depth Image Denoising Based on Edge Detection
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Abstract: The depth image and the target background image separation captured by Kinect real-time extraction exist
obvious serrated and loud image noise. Proposes a denoising algorithm for Kinect depth image. Applies the auto-regulative
thresholds edge detection algorithm based on Prewitt operator to obtain fine image edge, then classifies the depth image
according to the edge information, and reduces noises of the edge region by the unidirectional multistage median filtering
algorithm, while suppresses noises at non edge region by the bidirectional multistage median filtering algorithm. Finally,
acquires high quality depth images of clear-edge and small noise by the proposed Kinect algorithm, and verifies the
effectiveness of the algorithm.
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Fig. 1  “User segmentation” program of Kinect
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Fig. 2 Shuttling in different scenes by Kinect
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Fig. 3 Block diagram of Kinect depth image
edge detection algorithm
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Table 1 Relationship of each sub-pixel in Prewitt
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Fig. 4 The images of different algorithms
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Fig. 5 The color images before and after the algorithm introduced
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Fig. 6 The contrast of “user-segmentation” function before
and after the algorithm introduced
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