BIIRE -




NS E

1.MobileNet

2.YOLO



NS E

1.MobileNet

2.YOLO



MobileNet

| —MFRCRETS, REM TR AE TS NI LRI
* T CRESE/ NI ST LSSURTRGT

ZERY N “depth-wise separable convolutions”

Object Detection Finegrain Classification

Photo by Juanede (CC BY 2.0) jf / f/f L1
000

OO0 DO

MobileNets

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 |
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[https://www.superannotate.com/blog/yolo-object-detection]
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| . FATFESELC ZERY 2L R, HSE SO b Y B AL E PR

2. YOLO (You Only Look Once) A [fIF AR T — M1 58
3. FATHEAA4 YOLO vl (Redmon et al., 2016)

4. BHZN1E2 0 https: / /www.bilibili.com /video/BV1JT411j7MR?7p=2
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Class probability map

[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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