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Example FoundPose results on datasets HB, LM-0, IC-BIN, TUD-L, ITODD and T-LESS, showing that our method can handle a broad range or objects, including textured, texture-less and symmetric ones. Each example shows the query image crop with the CNOS mask in white (top left),
retrieved templates (middle row), matched patch descriptors of the crop and the template that led to the top-quality pose estimate (bottom row), and the contour of the ground-truth pose in red, the coarse pose estimate in blue, and the refined pose estimate in green (top right).
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