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R Girshick, J Donahue, T Darrell, J] Malik. “Rich Feature Hierarchies for Accurate
Object Detection and Semantic Segmentation”. CVPR 2014.
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R—CNNAY 7)1 25

O N2&AYZEH), X B2 T g 504
> Alexnet, 15E J958. 5%:;
> VGGnet, 15/E 66%;

OVeeRIFT R EERZEB), KBES, EHEEHR
= (AHAlexnetBy7-813)

(T#hBB, FRRM T SELH P ERTT
AL

VOUC 2007 test aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv | mAP
R-CNN T-Net 64.2 69.7 50.0 419 320 62.6 71.0 607 327 585 46.5 56.1 606 668 542 315 528 489 579 64.7| 54.2
R-CNN T-Net BB [68.1 728 56.8 430 368 663 742 676 344 635 545 61.2 691 686 587 334 629 511 625 64.8| 58.5
R-CNN O-Net 71.6 735 58.1 422 394 707 76.0 745 387 710 569 745 679 696 503 35T 621 640 665 T1.2| 622
R-CNN O-Net BB [ 73.4 77.0 63.4 454 44.6 751 78.1 798 405 737 62.2 794 78.1 731 642 356 668 67.2 704 71.1| 66.0

[1] P. Felzenszwalb, R. Girshick, D. McAllester, and D. Ramanan.

Object detection with discriminatively trained part based models. TPAMI, 2010.
25

@) i-VisionGroup@Tsinghua



7|‘T

ﬂ}]t‘*{{ﬁ : AURFT A — N M S B
R 3R "‘ NREHEXR 'Bﬁmmt‘*ﬂcoNN%
W%, ﬂZ/AV”ﬁyﬂi =M LUBEEX.

Dl_ﬂ:l:l]lﬁ/ﬂr_l— gﬂm

FERTANB NS RME, AR

T2k .

OtFis, KAA exnetEl'Jl_Jég

AP

O MR KAE: KASGD (FEHLERE

J

=
| S

PR R AMESRmL, AR
=B mER

FFI

I LSVRCZO1 2

&£i)%, (ERBHEKE, AEENT
oftmax? =, M fine—tuning.

IRZE K/ 790. 001;

k) , 3

26

@) i-VisionGroup@Tsinghua



fastRom |

Ross Girshick. “Fast R-CNN”. ICCV 2015.
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fast R—CNN
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Multi—task loss I
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Multi—task loss I
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faster R—CNN

Shaoqing Ren, Kaiming He, Ross Girshick, Jian Sun. “Faster R-CNN: Towards Real---Time
Object Detection with Region Proposal Networks”. NIPS 2015.
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Region Proposal Network
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Region Proposal Network I
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Region Proposal Network I
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faster R—CNNBYIIZR I
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Alternating optimization I
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selective search,

RigEE, ha, ) .
1. gEEsssuemk o 1.1 47583, voc2007 LEIHINLES BMDPM HSCHI34.3% EHEIEF | T 66%(mAP)
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iﬂ ERTE B isizeTTER)
= Fast RCNN :
B ccveors) }c 1.3 MERHEA T BESRERM multi-task loss), BDIEEEERNAEICNNRSDIS
1.4 SPP SR % A\ fFeature Map fffl T & F{EPooling: ¥ Map lIf4*4, 2+2, 1*1=FRA,
ERMSEE O S Mpocling: BEIEIEMFCEAN:  (16+4+1) *chanelsHifE
1. ;EE@EEE © 1.1 SFPS, mAP73.2%
Proposals:
lol1:::15[:@[' RCNN ) RPN | 1.2 MM T9% anchors (3%PRE, 3#Lkf|) , ZHHH20000~proposals
(NIP52015) | 1.3 $\B¥¥iEproposal i\ EIROT Pooling
_ 1.1 45FPS, mAP57.9%
- s ‘ _ . _
, Yo ]C mErn | 12 mxmanreTRs, S— M ETHNETEN, BEOSRARER LR
(CVPR2016) | 1.3 #iET{EARegion proposal, 7+7EEYESEME, JEHEAET
YOLO+ 1.1 58FPS, mAP73.9%
1. Proposal O
55D +E2REE | 1.2 #EckE s+ 8 +anchors+ FCN
* (eccvzois) [ - s = T ;
1.3 F[EEMfeature map 3* B EHRDBEHAE, (EXFERERMHED
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FREXTEE

R-CNN 49s/img 66.0%
fast R-CNN 8.75h 2.32s/img 68.1%
faster R-CNN 26.2h 0.32s/img 69.9%
(alternating)

faster R-CNN 17.2h 0.32s/img 70.0%
(joint)
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