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Fig. 1. Sample images: 1) Zoom-out, 2) Zoom-in
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Table 1. Comparison of general CNN models

Model Test Accuracy Test Loss
AlexNet[4] 93.3% 0.2185
DenseNet121[5] 95.0% 0.1694
DenseNet161[5] 94.2% 0.1587
ShuffleNet[6] 95.8% 0.1313
MobileNet[7] 92.5% 0.1996
MnasNet[ 8] 83.3% 1.0815
InceptionV3[9] 91.7% 0.3200
ResNet50[10] 94 .2% 0.1631
ResNet101[10] 94 .2% 0.2730
ResNeXt50[11] 94 .2% 0.1908
ResNeXt101[11] 92.5% 0.2490
VGG16[12] 89.2% 0.2683
VGG19[12] 95.0% 0.2746
EfficientNet[13] 93.3% 0.4082
SqueezeNet[14] 94.2% 0.1377
SENet154[15] 95.8% 0.1510
Xception[16] 95.8% 0.2749
Average 93.2% 0.2747
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Fig. 2. Overall architecture of proposed method

Test Accuracy®} Test LossE &25}¢] Top-3 Rz} vlwsh Fock
FLE =ele Test dlofE]of] thell 96.7%2] A&wel 0.2311¢] LossE
Bk o= A Bh5E CNN# v otes wf 71 & Test
AccuracyE 2/3510). ol AR S5E CNN 2dlSe] ot
Aol vlwElIS Al 3.76%71 571 RS & & I, =2
4358 71 Top-3 E4l(ShuffleNet, SENet154, Xception)d} H]n!
shte Al 782 ATl 0.94%7) 71 e & S Uk

Table 2. Comparison of top—3 classifiers

Model Test Accuracy Test Loss
ShuffleNet[6] 95.8% 0.1313
SENet154[15] 95.8% 0.1510
Xception[16] 95.8% 0.2749

Ensemble 96.7% 0.2311

IV, Conclusions

A%E B3l FLE 7S B3) 2F AR S5l BelEo| 55k
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71E A siE Bl e 7} W EQ]He] 7el FeaturethS:
FE3 5 QAL FLE 2dle Uit YIELSE AM8Slo] wjz}
Global Feature, Local FeatureS 22317 Aes)] @ & vk
e A3t Akt 7 BaEkat 7iole- FviElel updsk
o] FEZO| FHE wlolelal, TR0 fAI9t HyE 95 FEZS
2 Fefshe bl =0l E Aolch 52 7h Ak sl mdd
Z3he vt v gl FE RIS A%e d e

Held 2dlks A7 epgolrt.
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