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Detection Systems

DPM

Deformable Parts Models (DPM ) ,

R-CNN, Fast R-CNN

S¥FA region proposals 5% , FeEA—LEBEB S NMARY potential

ZMAsliding window &

bmundlng box , BiEidI— classifier (SVM) £FIJ{r&E bounding box BE

AT | LRI LRI probability & confidence

1. Input 2. Extract region
mage proposals (~2k)

W arpcd region

aeroplane? no.

person? yes,

tvmomitor? no.

3. Compute 4. Classity

CNN teatures regions
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1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

Figure 1: The YOLO Detection System. Processing images
with YOLO is simple and straightforward. Our system (1) resizes
the input 1mage to 448 x 448, (2) runs a single convolutional net-
work on the 1image, and (3) thresholds the resulting detections by
the model’s confidence.
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Real-Time Detectors Train mAP FPS
100Hz DPM | 2] 2007 16.0 100
30Hz DPM | 1] 2007 26.1 30
Fast YOLO 200742012 | 52.7 155
YOLO 200742012 | 63.4 43
Less Than Real-Time

Fastest DPM | /] 2007 304 I3
R-CNN Minus R [ 0] 2007  53.5 §
Fast R-CNN [14] 200742012 70.0 (.5
Faster R-CNN VGG-16[27] 200742012 73.2 ]
Faster R-CNN ZF [ /] 200742012 62.1 18
YOLO VGG-16 200742012 66.4 21
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Fast R-CNN YOLO

Background: 13_.4% Background: 4 75%

Other: 4.0%
Other- 1.99% Sim- & 75%

Sim: 4.3%

m Corret: IEAERSMI B Other : ZEHBIEHR
B Loc : EHFIFREENER B Background : FMiAE=
B Sim : EE(1

cvpr2016 | YOLO



©

EREELER

, (EEIZFTN

QD00 _ wxg -&@

3. &S fast RCNNAJYOLO
B FE . BiIYOLOE BRgfast RCNNFER AN E EIRE
B 5% : X¥RCN NﬁﬂIJE’JE: NMAFIE |, I8EYOLOZBTRMERVE, 4
BE  FIETFHYOLOFHM H’WE@%DWAEZIEEI’HE
185E
MmAP Combined Gain
Fast R-CNN 71.8 . -
Fast R-CNN (2007 data)  66.9 72.4 6
Fast R-CNN (VGG-M) 50.2 12.4 0
Fast R-CNN (CaffeNet) 57.1 12.1 3
YOLO 63.4 75.0 3.2
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o
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—
E VOC 2007 Picasso People-Art
a AP AP Best F; AP
YOLO 0.2 | 333 0.590 45
R-CNN 54.2 | 10.4 0.226 26
{ o DPM 43.2 | 37.8 (0.458 32
0.0 e ; s Poselets [ ] 36 | 178 0.271
g ) 2 0.4 0.6 0.8 1.0 DE&T [4] - 1.9 0.051
Recall (b) Quantitative results on the VOC 2007, Picasso, and People-Art Datasets.
(a) Picasso Dataset precision-recall curves. The Picasso Dataset evaluates on both AP and best F; score.

fEPicassofIPeople-Art#EEE FHESE
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