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Tab.l1 Network structure of feature extractor based on
MobileNet-V2
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Tab.2 Parameters and complexities of different models

E gajey i PROE LR
B BRE)
Conv2D (224, 224, 3) 32 2
Bottleneck X 1 (112, 112, 32) 16 1
Bottleneck X 2 (112, 112, 16) 24 2
Bottleneck X 3 (56, 56, 24) 32 2
Bottleneck X 4 (28, 28, 32) 64 2
Bottleneck X 3 (14, 14, 64) 96 1
Bottleneck X 3 (14, 14, 96) 160 2
Bottleneck X 1 (7,7, 160) 320 1
Conv2D (1X1) (7,7, 320) 1280 1
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%S BSH FLOPs
MobileNet-V2 2.22 2.26 613
VGG-16 14.71 14.71 30713
ResNet50 23.53 23.59 7750
EfficientNet BO 4.01 4.05 794
DenseNet121 6.95 7.04 5700
Inception-V3 21.77 21.80 5690
Xception 20.81 20.86 9130
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BB AR Y2k /TR A $L g
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0.19 mm 800/200 5
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LTHEAT] 0.34 mm 800/200 7
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0.59 mm 800/200 10
EH — 800/200 11
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Tab.4 Comparison of accuracy between 3 migration

methods and non-migration method %
MOREEARE Tk wmKME  H/MME FIE
FiE® 7910 67.55  72.23+3.28
2 A 95.41  93.73  94.02-+1.60
B 95.41 9259  94.36-+0.91
C 97.77  95.27  96.50--0.60
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FiIEB 9559 91.18  93.38+1.27
. A 99.27 9855  98.83+0.07
B 98.36  97.64  98.05+0.07
C 99.18  98.59  98.89--0.03
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Tab.5 Comparison of different networks performance

EES PSS [] /s S RIRTRE/ 0 bRifE2E/ Vo

B-MobileNet-V2 504.0 94.36 0.91
ResNet-50 567.8 95.37 0.99
VGG-16 702.9 95.29 1.96
EfficientNetBO 602.3 89.85 2.32
Inception-V3 559.0 93.55 0.97
DenseNet121 834.4 93.63 1.01
Xception 580.0 90.05 1.19
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Fig.12 Performance comparision of transfer learning of

different networks
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Tab.6 Parameters of transfer learning of different

networks %
EE:S 16-20-20 16-40-20 16-80-20
C-MobileNet-V12 96.50 98.23 98.89
ResNet-50 95.37 96.90 98.67
VGG-16 95.29 97.29 98.73
EfficientnetBO 89.95 93.00 96.47
Inception-V3 93.55 96.19 98.08
DenseNet121 93.63 96.71 98.36
Xception 90.05 92.78 95.34
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