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Il The Proposed Scheme
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Table 1. 290 & &&F

Classifier
Global Max
Pooling

Full Connected
Laver
59.8
94.4
94.2
91.8
92.3

CNN -
95.3
96.8
93.4

VGG16
VGG19
ResNetb0
MobileNet

Transfer
Learning
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lIl. Conclusions
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