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* YOLO (You Only Look Once)
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U oot

L

3. H=C

1. Resize image.
2. Run convolutional network.
3. Non-max suppression.
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* YOLO (You Only Look Once)
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* YOLO (You Only Look Once)
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* YOLO (You Only Look Once)
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* YOLO (You Only Look Once)
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* YOLO (You Only Look Once)
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Experiments

Real-Time Detectors Train mAP FPS
100Hz DPM [ 1] 2007  16.0 100
30Hz DPM [ 1] 2007  26.1 30
Fast YOLO 2007+2012 527 155
YOLO 2007+2012 634 45
Less Than Real-Time

Fastest DPM [ 3H] 2007 304 15
R-CNN Minus R [20] 2007 535 6
Fast R-CNN [ 1] 2007+2012 700 0.5
Faster R-CNN VGG-16[25] 2007+2012  73.2 7
Faster R-CNN ZF [2¥] 2007+2012  62.1 18
YOLO VGG-16 200742012 664 21
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Fast R-CNN YOLO

Background: 13.6%

Other: 4.0%
Other: 1.9% Sim: 6.75%

Sim: 4.3%

Background: 4.75%

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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HyperNet.VGG 71.4
HyperNet_SP 713
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Faster R-CNN [24] 70.4
. A DEEP_ENS _COCO 70.1
mAP Combined Gain NoC [29] 68.8
Fast R-CNN 718 - B Fast R-CNN [14] 684
h i X
Fast R-CNN (2007 data) 669 24 6 ausivesor) | |ess
Fast R-CNN (VGG-M) 592 724 6 BabyLeamning [7] 632
Fast R-CNN (CaffeNet) ~ 57.1 721 3 R NveesB[ o
YOLO 63.4 75.0 3.2 R-CNN VGG [17] 592
YOLO 579
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5. Direct Location Prediction
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7. Multi-Scale Training
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Detection Frameworks Train mAP FPS
Fast R-CNN [ 7] 200742012  70.0 0.5
Faster R-CNN VGG-16[!5] 200742012 73.2 7
Faster R-CNN ResNet| 6] 200742012 764 5
YOLO [ 1] 200742012 634 45
SSD300[!!1] 2007+2012 743 46
SSD500 [ 1] 200742012 76.8 19
YOLOvV2 288 x 288 200742012  69.0 91
YOLOvV2 352 x 352 200742012  73.7 81
YOLOv2 416 x 416 200742012  76.8 67
YOLOv2 480 x 480 200742012 778 59
YOLOvV2 544 x 544 200742012  78.6 40
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YOLOv3

An Incremental Improvement

loU: Area of Overlap / Area of Union
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1. Bounding Box Prediction
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3. Predictions Across Scales
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Backbone Top-1 Top-5 BnOps BFLOP/s FPS

Darknet-19 [15] 74.1 91.8 71.29 1246 171
ResNet-101[5] 77.1 93.7 19.7 1039 53
ResNet-152 [5] 77.6 93.8 29.4 1090 37
Darknet-53 717.2 93.8 18.7 1457 78

0| Darknet-532 YOLOv22| backbone?! Darknet-190 residual networkE F7t5I% 1 bottle neck
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Results

* YOLOwv3
RetinaNet-50
RetinaNet-101
Method mAP-50 time
{B] SsDaz1 454 61
[C] DSSD321 461 85
[D] R-FCN 519 85
[E] SSD513 504 125
[F] DSSD513 53.3 158
[G] FPN FRCN 594 172
RetinaMet-50-500 509 73
RetinaMet-101-500 53.1 90
RetinaNet-101-800 57.5 198
YOLOv3-320 51.5 22
48t YOLOv3-416 55.3 29
YOLOv3-608 57.9 51
50 @ 100 150 200 250

retinaNetO| 2 mAPE

~
(=]

inference time (ms)

H|==8H = inference time2 EM

B 2118

OLERUCE (MAP-5022 =

backbone AP APso  AP7s APs APy APL
Two-stage methods
Faster R-CNN+++ [5] ResNet-101-C4 349 55.7 374 15.6 38.7 50.9
Faster R-CNN w FPN [3] ResNet-101-FPN 36.2 59.1 39.0 18.2 39.0 48.2
Faster R-CNN by G-RMI [0] | Inception-ResNet-v2 [21] 34.7 555 36.7 13.5 38.1 52.0
Faster R-CNN w TDM [20] | Inception-ResNet-v2-TDM | 36.8 579 39.2 16.2 39.8 52.1
One-stage methods
YOLOv2 [15] DarkNet-19 [15] 21.6 44.0 19.2 5.0 224 355
SSD513 (11, 3] ResNet-101-SSD 31.2 50.4 33.3 10.2 34.5 49.8
DSSD513 [3] ResNet-101-DSSD 33.2 53.3 352 13.0 354 51.1
RetinaNet [Y] ResNet-101-FPN 39.1 59.1 423 21.8 427 50.2
RetinaNet [Y] ResNeXt-101-FPN 40.8 61.1 44.1 24.1 44.2 51.2
YOLOV3 608 x 608 Darknet-53 33.0 579 344 18.3 354 41.9

Ol detection &12|FM HIE S M= Two-stage-method®! FASTER R-CNNEE2| d50|
LIQICE d2|3 SSDECH=

23| 9§50 Lt




