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Model Parameters | FPS Accuracy Powerl
Consumption
EfficientNet-B4 19.5M 0.33 0.9617 0.7879
MobileNetV3-S 2.6M 4.69 0.9307 0.7775
NASNetMobile 5.4M 1.17 0.9398 0.8032
ResNet18 11.7M 1.18 0.9252 1.0518
ResNet50 25.7M 0.51 0.9197 1.0493
EfficientNetV2-S 21.6M 0.38 0.9416 0.8907
ResNet50V2 25.7TM 0.31 0.9252 1.0909
InceptionV3 23.9M 0.34 0.9197 1.0205

# 1 : Table 1. Performance Comparison Among
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