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Model Accuray(%) Macro-F1(%) Macro- Macro
Precision(%) | -Recall(%)
VGG16-FT 98.60 98.50 98.30 98.40
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EfficientNetBO-FT 99.20 99.10 99.00 99.10
Custom CNN 95.33 95.30 95.10 95.00
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