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{“flower”, “tree”, “hill”, “sky”, “river”, “temple”, “build-
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Computer Vision APIIC&k ZHfGLI-#8 :

“tags":
[{ “name": "sky", "confidence": 0.9833276271820068 },

"name": "christmas tree", "confidence": 0.9190281629562378 },
“name": "tree", "confidence": 0.906639575958252 },

"name": "skyscraper", "confidence": 0.8968532085418701 },
“name": "night", "confidence": 0.8859416842460632 },

"name": "building", "confidence": 0.879662275314331 },
“name": "outdoor", "“confidence": 0.8638666868209839 },
“name": "tower", "confidence": 0.8498963117599487 },

"name": "illumination", "confidence": 0.8291453123092651 },
“name": "christmas", "confidence": ©.731196403503418 },
"name": "purple", "confidence": ©.6964696645736694 },
"name": "light", "confidence": 0.6486214399337769 },

"name": "winter", "confidence": ©.4304569959640503 }]
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Retrieve_Neighbors(o, D, Epsi, Epss)
= {0|z € D,distgeo(0,x) £ Epsi, (4)
distsem(0,2) < Epsa}
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F7ILGU XL 1 Semantic-DBSCAN

Input: Epsl,Eps2,MinPts,D = {o01,02,...,0n}
Output: C ={C4,Cs,...,Ck}
Cluster_Label = 0
for i=1 to n do
if 0; is not in a cluster then
X=Retrieve_Neighbors(o;,D,Epsl,Eps2)
if | X| <MinPts then
Mark o; as noise
else
Cluster_Label = Cluster_Label + 1
for j=1 to | X| do
Mark all objects in X with current Cluster_Label
end for
Push(all objects in X)
while not IsEmpty() do
CurrentObj = Pop()
Y = Retrieve_Neighbors(CurrentObj,D,Epsl,Eps2)

if |[Y| >MinPts then
for All objects o in Y do
if o is not marked as noise or it is not in a
cluster then
Mark o with current Cluster_Label
Push(o)
end if
end for
end if
end while
end if
end if

end for
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