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Fig. 1 The hierarchical clustering, and the impression evalua-

tion by the generic object recognition system.
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Fig. 2 The dendrogram for hierarchical clustering by Ward
method.
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Fig. 3 The examples of the motif segmentation.
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(a)

#1| n01914609 sea anemone, anemone 42.3%
#2| n01950731 sea slug, nudibranch 13.8%
#3| n03958227 plasticbag 7.0%

#4| n11939491 daisy 3.9%

#5| n01990800 isopod 3.7%

#6| n13052670 hen-of-the-woods 2.2%

#7| n02119022 red fox, Vulpes vulpes 2.0%
#8| n02123159 tiger cat 1.8%

#9| n02123045 tabby, tabby cat 1.3%

#10| n02124075 Egyptian cat 1.2%

7.0%

#1| n01930112 nematode, nematode worm 48.6%
#2| n03000247 chain mail, ring mail 11.8%

#3| n02999410 chain 8.3%

#4| n04505470 typewriter keyboard 5.9%

#5| n03347037 fire screen, fireguard 3.1%

#6| n03530642 honeycomb 1.4%

#7| n07695742 pretzel 1.3%

#8| n04127249 safety pin 1.3%

#9| n04525038 velvet 1.1%

#10| n04418357 theater curtain, theatre curtain 1.0%

8.3%
\‘

#1| n04525038 velvet 13.3%

#2| n03884397 panpipe, pandean pipe, syrinx 9.4%
#3| n03250847 drumstick 4.2%

#4| n07836838 chocolate sauce 4.0%

#5| n03721384 marimba, xylophone 4.0%

#6| n03961711 plate rack 3.6%

#7| n03249569 drum, membranophone 3.3%

#8| n01968897 chambered nautilus, pearly 2.9%
#9| n03729826 matchstick 2.9%

#10| n03376595 folding chair 2.7%

13.3% 048 4.2%
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Fig. 4 The examples of the generic recognition in each motif

segment.
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Fig. 5 The semantic network expression of motif segments in

the generic object recognition.
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