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DED 5 ara Ju e i
DR AlexNet CNN  [46] ACC=97.93%, SE =100%, SP =93%
VGGNet CNN [47] SE =90.5%, SP =91.6%
Inception-V3 CNN [48] SE =90.1%, SP =98.2%
AlexNet, GoogLeNet, VGGNets CNN  [34] ACC=92.01%, SE =86.03%,SP=97.11%
GoogLeNet CNN [36] ACC =81%, PABAK =74%
Inception-V4 CNN  [39] ACC =88.4%
Inception-V3 CNN  [40] ACC =88.8%
VGG-16, VGG-19 CNN [49] ACC =82%, SE =80%, SP =82%
ResNet50 CNN [50] ACC =96.3%
Gl VGG-16 CNN  [42] ACC =92.4%, SE=91.7%, SP = 93.3%
GoogLeNet CNN [44] ACC =90.0%, 94.2%, 86.2%, 86.4%,
87.3%
VGG CNN [45] ACC =87.6%, SE =82.6% ,SP =93.2%
Ca AlexNet CNN [51] ACC =92.91%

ACC = Accuracy, SE = Sensitivity, SP = Specificity
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Recall(sensitivity)

ResNe50 0.86 0.87 0.9016 0.88

MobileNetV3Small 0.9016
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