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Function kNNSearchSub(Node node, Query g, Neighbor k,
Result R)
if node.flag = 1 then

R.obj.add({SearchBucket NN(node.bucket,
d(node.query, q)).R.dist)
if |R.obj| > k then
SizeRefine(R.obj,k)
end if
if |R.obj| = k then
R.dist—MaxDist(R.obj)

end if
else
dist «— d(node.query, q)
if dist <node.dist then
kNNSearchSub(node.in,q, k, R))
if se( R.objl<k or dist+R.dist>node.dist then
kNNSearchSub(node.out, q, k, R))
end if
else

kNNSearchSub(node.out,q, k, R))
if Size(R.obj}<k or dist—R.dist<node.dist then
kNNSearchSub(node.in, q, k, R))
end if
end if
end if
return

Function kNNSearch(Node node, Query g, Neighbor k, Re-
sult r)

Result.obj — empty

Result.dist +— oo

return kNNSearchSub(node,q,k,Result)
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