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Abstract : To improve the ability of object recognition and pose estimation in complex scene, this paper presents a method for the
object pose estimation based on image semantic segmentation, and puts the RGB image generated by RGBD sensor into semantic
segmentation network for finishing the image segmentation and object classification. The point cloud of target object is gotten by
registering the object image with depth map. The ICP algorithm is used to estimate the pose of the object with the point cloud and
model library. The results indicate that the segmentation accuracy is 82.26% and the time of finishing the estimation at one time is

1.35 s.
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