


Computer Vision

Classification Object Detection Semantic Segmentation




Enjoy!

http://pureddie.com/yolo




Review: Classification

f.maps

Input |

Ll T

Convolutions Subsampling Convolutions Subsampling Fully connected




CNN keep spatial info

Low-Level
Feature

Mid-Level
e

Feature

High-Level
plp

Feature

Trainable
Classifier




Confidence 1 or 0?
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Problems

* (X,y,w,h) prediction

» Class information




YOLO: You only look once
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YOLO model / ' ]
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Train YOLO
= Compose GT boxes
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Train YOLO

= Compose GT boxes

= Forward
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YOLO loss
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Benchmark

Model Train Test mAP FLOPS FPS Cfg Weights
Old YOLO VOC 2007+2012 2007 634 40.19Bn 45 link
SR VOC 200742012 2007 74.3 - 46 link
SSD500 VOC 2007+2012 2007 /6.8 - 19 link
YOLOV?2 VOC 200742012 2007 768 3490Bn 67 weights
YOLOv2 544x544 VOC 2007+2012 2007 /86 59.68Bn 40 weights

Tiny YOLO VOC 2007+2012 2007 5771 6.97Bn weights

SSD300 COCO trainval test-dev 41.2 - 46 link
SSD500 COCO trainval test-dev 46.5 - 19 link
YOLOv2 608x608 COCO trainval test-dev 481 6294Bn 40 weights
Tiny YOLO COCO trainval - - 7.07Bn weights




Improvements-1

* Model updated: Dartnet-19

* BN Top1 |Top5 |FLOPs GPU Speed
VGG-16 70.5 90.0 30.95 Bn 100 FPS

- FC Extraction (YOLOv1) |72.5 90.8 8.52 Bn 180 FPS
Resnet50 75.3 92.2 7.66 Bn 90 FPS

Darknet19 74.0 91.8 5.58 Bn 200 FPS




Improvement-2

= Pre-defined Anchors




Predefined Anchors

= More or less?




s = -y




Output Vector

one grid cell
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IOV

00U = Area of Intersection

Area of Union




Improvements-3

= Position prediction-3
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YOLOV2

= Compose Target

= Forward
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Inference
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Non-Max-Suppresion
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Thank You.




