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Abstract

When the image moment is applied for workpiece recognition, for the randomly placed or over-
lapping workpiece, because of the unavoidable existence of all kinds of noise and gray value in the
original image taken by the hand-eye camera, but not the same workpiece, therefore, the image
moments of the target workpiece cannot be calculated directly. In this paper, a visual cognitive
method based on watershed segmentation and intensity delamination is proposed. Firstly, the
real-time image is obtained by hand-eye camera, and the workpiece image is segmented by a spe-
cial watershed algorithm; the segmented image is converted into gray image; then, according to
different gray values, the segmented workpiece image is stratified with intensity. Different
strength slices are obtained, that is, binary images of each workpiece. Finally, an example is given
to calculate the image moments of one of the workpieces. Experimental results show that the pro-
posed method can meet specific visual servo operations.
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Figure 1. Flowchart of canny operator
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Figure 2. Comparison of four edge detection algorithms
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Figure 3. Local maximum labeling results
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Figure 4. Watershed segmentation results
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Figure 5. Binary image and feature parameters of workpiece
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4, BFibFRBBEGETE (Image moment Calculation Based on Boundary)
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