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Abstract: One of the most important research fields for intelligent autonomous robots is scene understanding which
requires a foundation of image segmentation. However, it usually faces a condition of incomplete prior knowledge due to
incomplete training dataset and uncommon situations in the real world, which affects the segmentation quality. Therefore, a
method that solves the incomplete prior knowledge problem caused by the diversity of objects is presented, which is based
on extracting abstract supportive semantic relationships in red green blue-depth (RGB-D) images. This method aims at
the over-segmented object parts during the bottom-up image segmentation process with incomplete prior knowledge. First,
the supportive semantic relationships between object parts are modelled by calculating supportive probabilities. Second,
an energy function is built to measure the total stability of the entire scene. Last, Swendsen-Wang cuts (SWC) algorithm
is implemented to minimize the energy function so that the supportive probabilities between object parts are converted
into strong supportive semantic relationships. According to the relationships, the object parts are merged to accomplish
image segmentation with incomplete prior knowledge. The experiments show that the over-segmented parts are merged
into one single object with incomplete prior knowledge by simply introducing supportive semantic relationships to image
segmentation. With our method more precise image segmentation results are achieved.
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Fig. 5 Time cost of geometry fitting with different

downsampling steps
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downsampling steps
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Table 2 Energy difference of object parts before and

after merging
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AEIH 182.996
EIFRIEF 177.914
EINET 177.953
EHKIE AR 177.961
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Table 3 Comparison between other unsupervised

methods and ours

Jrik BHEI% BEER/% HEHE%

AP 29.59 425 76.58
K—-Means 28.70 7.01 75.69
AT 50.02 1.59 77.86
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