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2. R-CNN A€ (Region Proposals)
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- Network Design
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- Training (85 H=)
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- Inference (X2 11H)
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- Real-Time Systems Hin! (&% % HSHE H| W)

Real-Time Detectors Train mAP FPS OFEZ40| AIA|T A

[00Hz DPM [ 1] 2007 160 100 B A

SUE TEM D] ol M * Fast YOLO : 155 FPSQ| £E2 $iZ @Y
YOLO 200742012 634 45

Less Than Real-Time * YOLO (Base) :45 FPSZ AAZt H=E
Fastest DPM [ 4] 2007 304 15 SQXIGHHM mAP 6342 24

R-CNN Minus R [ 0] 2007 535 f

Fast R-CNN [ 1] 200742012 70.0 05

Faster R-CNN VGG-16[2¢] 200742012 73.2 7

Faster R-CNN ZF [ 4] 200742012 62.1 18

YOLO VGG-16 200742012 664 21
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- Error Analysis : YOLO vs Fast R-CNN

Fast R-CNN YOLO

Background: 13.6% Background: 4.75%
Other: 4.0%

Othar: 1.9% Sim: &.75%
Sim: 4.3%

Figure 4: Error Analysis: Fast R-CNN vs. YOLO These
charts show the percentage of localization and background errors
in the top N detections for various categories (N = # objects in that
category).
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- G9! A%t (Ensemble : YOLO + Fast R-CNN)

AA] =l
mAP Combined Gain FaSt R_CNN_J %DLB.-_ -?-‘{ | 0:"§ % -L.I'

Fast R-CNN 718 YOLOQ| &2 HiZ Xt e

Fast R-CNN (2007 data) 669 ?2 4 b

Fast R-CNN (VGG-M) 59.2 72.4 K] AL SEAF

Fast R-CNN (CaffeNet) ~ 57.1 721 3 M 3s 2

YOLO 634 75.0 3.2

Fast R-CNN ©=((71.8 mAP)2C}

Table 2: Model combination experiments on VOC 2007. We 32% O':g% 75. 0 mAPE 7|§
examine the effect of combining various models with the best ver-
sion of Fast R-CNN. Other versions of Fast R-CNN provide only
a small benefit while YOLO provides a significant performance
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- Generalization: Ol 2= OIOIEA! (Picasso, People-Art)
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Recall
(a) Picasso Dataset precision-recall curves.

(b) Quantitative results on the VOC 2007, Picasso, and People-An Dataseis.
The Picasso Dataset evaluates on both AP and best Fy score.

Figure 5: Generalization results on Picasso and People-Art datasets.
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#06 Discussion
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