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Figure 1. MobileNet models can be applied to various recognition tasks for efficient on device intelligence.

[Howard, A.G., Zhu, M., Chen, B. et al., (2017) MobileNets: Efficient Convolutional Neural Networks for Mobile Vision Applications |



[ERYIRES

B e
MBI 1 3 x 3 BB CONV 5
3 4T Fx3x1x1
fol I
PN hm H
RS X6X6 RE) X4 x4

| . HAE3 x 3 x 343 x 5=42 PMERIZHE



%E
. R FE G HERAETR AR 1Y TR E
* SRR BT R PR T R

° HEPR BBV HYTERE




YOLO

S

PIHET L, FATATR 72028 R
2. AEKLPRREA,  HARE I AR

(&

[T
ﬁﬂi

FA IR IS A LR AR I R FNAL R

AT




YOLO

[https://www.superannotate.com/blog/yolo-object-detection]
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[Redmon, J., Divvala, S., Girshick, R., Farhadi, A. (2016), You Only Look Once: Unified, Real-Time Object Detection, CVPR, 779-788]
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