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F 20 BIBNGBIITE > AT 55 L RIHER I KA A RESE bR o

Jitk fegnf (%) K (%) #AmE (%) FLa® (%) AUC (%)
ResNet50 90.58 90.37 96.34 93.27 94.38
ResNet101 89.86 89.74 95.99 92.74 93.43
EfficientNet-BO ~ 91.22 91.27 96.22 93.68 95.14
EfficientNet-B1 90.82 90.76 96.22 93.38 95.14
EfficientNet-B3 ~ 92.02 91.36 97.40 94.30 94.79

F 30 B BIAAE SBILab T:JpH) C-NMC PRA#ESE FHY LA TERE.

BT EOR S LA TR ST BRI Lus

Jiik filiik F1 504
VGG16 (MKTITER) Bl Train a VGG16 architecture from scratch 92.60
FREML (g + FREA) [12) Transfer learning ResNets with neighborhood-correction 92.50
VGG16 (TL) [7] Transfer learning with a VGG16 architecture 91.70
% MEN [13] Deep multi-model ensemble network (CNNs) 90.30
MobileNetV2 (TL) [6] Transfer learning with a MobileNetV2 architecture 89.47
ResNeXt50 (MZEFHE) 27 Training from scratch a ResNeXt50 architecture 87.89
LMW &GP M 2% (a3 ) (8] TL with convolutional and recurrent neural networks 87.58
ResNet18 (TL) [1] Transfer learning with a ResNet18 architecture 87.46
ZFEE 2] Training InceptionV3, DenseNet, InceptionResNetV2 from scratch 86.74
ResNeXt50/101 (MZETF4G) [9) Training from scratch ResNeXt50 and ResNeXt101 85.70
WG (iae>]) 28] Transfer learning with Inception and ResNets 84.00
ML + WIETE MG (EBEY) 29 Transfer learning with ResNets and SENets 81.79
B (0] ] Proposed model in this study 94.30
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