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Algorithm 1:
Normal score threshold o
Given Faster-RCNN model F'(«)
Given Part Detection model P
Initialize 33, that 5 < «
begin:
Let R be set of strong candidates: F'(«)
Let R’ be set of weak candidates: F'(/3)
S+ P
for r = {ri,r2,...,rv} € R' do
if{3 s C r|forall s € S} then
W+ W +r
end if
end for
R < merge R and NMS(W)
return R
end
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