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Most of the literature on flower recogmtlon
with CNN ( ;

) cites background as one of the
biggest problem in flower classification. Let's
try to tackle this issue using segmentation.

Segmentation


https://ieeexplore.ieee.org/abstract/document/7818296?casa_token=7YGaJAduxPIAAAAA:nqfvofVJMmxCiGYWk4HvJo0MY1iv4gqb0ojuwYHbTp80RRLXm_KXHk2t5yvs0mDmcNsPmhBi
https://ieeexplore.ieee.org/abstract/document/8085675?casa_token=lK1wl4fAcE8AAAAA:LVfgp2RSo5o553eFwWKc3Uof1M32t4j0sEQnGBM0jpRsBF7d0jedkr9ibTfA-4XA7Nt6741U
https://www.researchgate.net/profile/Thi-Le-5/publication/308322586_Flower_species_identification_using_deep_convolutional_neural_networks/links/5f44c675299bf13404f145a6/Flower-species-identification-using-deep-convolutional-neural-networks.pdf
https://www.researchgate.net/profile/Thi-Le-5/publication/308322586_Flower_species_identification_using_deep_convolutional_neural_networks/links/5f44c675299bf13404f145a6/Flower-species-identification-using-deep-convolutional-neural-networks.pdf
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https://openaccess.thecvf.com/content/ICCV2023/html/Kirillov_Segment_Anything_ICCV_2023_paper.html
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Test

The original test set
with uncropped
images. It is going to
be used to evaluate the

model performances to
generalized even to
the raw, unsegmented,
original images.

Test_s

The unbalances test
set with segmented
images. It is going to
be used to evaluate the
model performances
on all the flowers that
the segmented model
has detected.

Problem: some original
images (those with more
flowers in them) will
appear more times than
other in the test set.

Test Sets

Test_sb

A segmented and
balanced test set.
Composed of one
segmented image for
each original picture.
This resolves the
problem of the
unbalanced test, but it
does so by selecting one
random segmented
image from each original
picture, and this adds
randomness.
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