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1 Introduction
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2.1 R-CNN
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R-CNN: Regions wzth CNN features
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2.2 SPPNet
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fully-connected layers (fcg, fc7)

fixed-length representation
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' convolutional layers
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2.3 Fast R-CNN
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2.4 Faster R-CNN
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Region Proposal Network

feature maps
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(c) Pyramidal feature hierarchy (d) Feature Pyramid Network
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3.1 YOLO

2015 4, Joseph Redmon % A#EH YOLO %&3% (You Only Look Once), Z& k25
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1. Resize image.
2. Run convolutional network.
3. Non-max suppression.
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S xS grid on input

Final detections

Class probability map
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3.2 SSD
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Extra Feature Layers
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4 Conclusion

One-stage. Two-stage PFIEIEA AL, BT EE ARSI S5, EFEAFEKE
%o

Low-level Vs. high-level features X T&EFMENEN S, ANFEIREX N EAIF
JEURIE SURFIE, IRIZMZE G, AR HE 2 R4 RHE, RZ M HERAG, 21
B2 R 1E SR, HAEIFNMEER.

Stage Cascade in 2-stage object detection Regional Proposal <3 [F]>% (Aver-
age Recall, abbr. AR), KUATREZ 1 H AR, BT ATSVFIRATTAE O B 5% HE 5 Detection
FTEIER % (Average Precision, abbr. AP), A[AELE HFRDZEEM .

Skip architecture BRELEMFERSE CNN h#gk FHE], fl ResNet. FPN. UNet.
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