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Overview

● Introduction
● Performance evaluation
● Two-stage (with proposal) object detectors

○ R-CNN
○ Fast R-CNN
○ Faster R-CNN

● One-stage (proposal-free) object detectors 
○ YOLO
○ DETR
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Object detection

Goal: Localize (Bounding Box) and classify all objects in the image
4



Task definition

● Input: RGB image
● Output: set of bounding boxes with category label and confidence
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Task definition

● Input: RGB image
● Output: set of bounding boxes with category label and confidence
● The number of objects is not known
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IoU = 
Area of Overlap
Area of Union

= 
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predicted bbox vs true bbox

Performance evaluation. Intersection over Union (IoU)



Performance evaluation. Intersection over Union (IoU)

IoU = 
Area of Overlap
Area of Union

= 

Poor Good Excellent

IoU: 0.4 IoU: 0.7 IoU: 0.9
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predicted bbox vs true bbox



Performance evaluation 
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Performance evaluation: Average Precision 
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Performance evaluation: Average Precision 
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Rank Correct?

1 True

2 True

3 False

4 False

5 False

6 True

7 True

8 False

9 False

10 True
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Performance evaluation: Average Precision 
Rank Correct? Precision Recall

1 True 1.0 0.2

2 True 1.0 0.4

3 False 0.67 0.4

4 False 0.5 0.4

5 False 0.4 0.4

6 True 0.5 0.6

7 True 0.57 0.8

8 False 0.5 0.8

9 False 0.44 0.8

10 True 0.5 1.0
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Sliding Window Object Detection
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Sliding Window Object Detection

● Run sliding window of fixed size over the image and extract features for each image
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Sliding Window Object Detection

36

● Run sliding window of fixed size over the image and extract features for each image
● Classify each crop 



Sliding Window Object Detection
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● Run sliding window of fixed size over the image and extract features for each image
● Classify each crop 
● Iterate over multiple aspect ratios and scales 



Overlapping Boxes: Non-Max Suppression (NMS) 

Problem: Object detectors often output 
many overlapping detections.

38
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Overlapping Boxes: Non-Max Suppression (NMS) 

Problem: Object detectors often output 
many overlapping detections.

Solution: Post-process raw detections 
using Non-Max Suppression (NMS)
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Overlapping Boxes: Non-Max Suppression (NMS) 

Problem: Object detectors often output 
many overlapping detections.

Solution: Post-process raw detections 
using Non-Max Suppression (NMS)

1. Select next highest-scoring box
2. Eliminate lower-scoring boxes with 

IoU > threshold (e.g. 0.7)
3. If any boxes remain, GOTO 1
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Overlapping Boxes: Non-Max Suppression (NMS) 

Problem: Object detectors often output 
many overlapping detections.

Solution: Post-process raw detections 
using Non-Max Suppression (NMS)

1. Select next highest-scoring box
2. Eliminate lower-scoring boxes with 

IoU > threshold (e.g. 0.7)
3. If any boxes remain, GOTO 1

41

P(cat) = 0.7

P(cat) = 0.9

P(cat) = 0.75
P(cat) = 0.8

IoU(   ,   ) = 0.8
IoU(   ,   ) = 0.08
IoU(   ,   ) = 0.01



Overlapping Boxes: Non-Max Suppression (NMS) 

Problem: Object detectors often output 
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Solution: Post-process raw detections 
using Non-Max Suppression (NMS)

1. Select next highest-scoring box
2. Eliminate lower-scoring boxes with 
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COCO Object Detection Average Precision (%)

Early 2015 Late 2017
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Object Detection with Deep Neural Networks
Slide Credits: Ross Girshick



Overview

● Introduction
● Performance evaluation
● Two-stage (with proposal) object detectors

○ R-CNN
○ Fast R-CNN
○ Faster R-CNN

● One-stage (proposal-free) object detectors 
○ YOLO
○ DETR
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R-CNN [1]: Region-based Convolutional Neural Network

[1] Girshick, Donahue, Darrell and Malik. Rich feature hierarchies for accurate object detection and semantic segmentation. CVPR, 2014.
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R-CNN [1]: Region-based Convolutional Neural Network

[1] Girshick, Donahue, Darrell and Malik. Rich feature hierarchies for accurate object detection and semantic segmentation. CVPR, 2014.
50



R-CNN [1]: Region-based Convolutional Neural Network

[1] Girshick, Donahue, Darrell and Malik. Rich feature hierarchies for accurate object detection and semantic segmentation. CVPR, 2014.
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Generalized framework
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R-CNN [1] in the Generalized Framework

53
[1] Girshick, Donahue, Darrell and Malik. Rich feature hierarchies for accurate object detection and semantic segmentation. CVPR, 2014.



R-CNN: Problems

● Heavy per-region computation (2000 full network evaluations)

[1] Girshick, Donahue, Darrell and Malik. Rich feature hierarchies for accurate object detection and semantic segmentation. CVPR, 2014.
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R-CNN: Problems

● Heavy per-region computation (2000 full network evaluations)
● No computation / feature sharing

[1] Girshick, Donahue, Darrell and Malik. Rich feature hierarchies for accurate object detection and semantic segmentation. CVPR, 2014.
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R-CNN: Problems

● Heavy per-region computation (2000 full network evaluations)
● No computation / feature sharing
● Slow region proposal method adds to runtime

[1] Girshick, Donahue, Darrell and Malik. Rich feature hierarchies for accurate object detection and semantic segmentation. CVPR, 2014.
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Fast R-CNN [1]

[1] Girshick. Fast R-CNN. ICCV, 2015.
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Fast R-CNN

[1] Girshick. Fast R-CNN. ICCV, 2015.
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Fast R-CNN

[1] Girshick. Fast R-CNN. ICCV, 2015.
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Fast R-CNN

[1] Girshick. Fast R-CNN. ICCV, 2015.
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Fast R-CNN

[1] Girshick. Fast R-CNN. ICCV, 2015.
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Fast R-CNN

Backbone: 

● Use any standard convolutional network as “backbone” architecture, e.g. 
AlexNet, VGG, ResNet, Inception, ResNeXt, DenseNet, …

● Remove global pooling, so output spatial dimensions are proportional to input 
spatial dims

● A good network exploits the strongest recognition backbone (features matter!)

[1] Girshick. Fast R-CNN. ICCV, 2015.
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Fast R-CNN

[1] Girshick. Fast R-CNN. ICCV, 2015.
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Fast R-CNN

[1] Girshick. Fast R-CNN. ICCV, 2015.
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Fast R-CNN

[1] Girshick. Fast R-CNN. ICCV, 2015.
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Fast R-CNN

[1] Girshick. Fast R-CNN. ICCV, 2015.
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Fast R-CNN problems

● Heavy per-region computation (2000 full network evaluations)
● No computation / feature sharing
● Slow region proposal method adds to runtime
● Generic proposal method has low recall

[1] Girshick, Donahue, Darrell and Malik. Rich feature hierarchies for accurate object detection and semantic segmentation. CVPR, 2014.
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Faster R-CNN

[1] Ren, He, Girshick and Sun. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks. NIPS, 2015.
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Faster R-CNN

[1] Ren, He, Girshick and Sun. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks. NIPS, 2015.
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Faster R-CNN: Region Proposal Network (RPN)

[1] Ren, He, Girshick and Sun. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks. NIPS, 2015.
70



Faster R-CNN: Region Proposal Network (RPN)

[1] Ren, He, Girshick and Sun. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks. NIPS, 2015.
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Faster R-CNN: Region Proposal Network (RPN)

[1] Ren, He, Girshick and Sun. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks. NIPS, 2015.
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Faster R-CNN: Region Proposal Network (RPN)

[1] Ren, He, Girshick and Sun. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks. NIPS, 2015.
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Faster R-CNN: Region Proposal Network (RPN)
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Faster R-CNN: Region Proposal Network (RPN)
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Faster R-CNN: Region Proposal Network (RPN)

[1] Ren, He, Girshick and Sun. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks. NIPS, 2015.
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Faster R-CNN: Region Proposal Network (RPN)

[1] Ren, He, Girshick and Sun. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks. NIPS, 2015.
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Faster R-CNN

[1] Ren, He, Girshick and Sun. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks. NIPS, 2015.
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Summary on two-stage object detectors

79

“Slow” R-CNN: 

Run CNN independently for 
each region

Fast R-CNN: 

Apply differentiable cropping to 
shared image features

Faster R-CNN: 

Compute proposals with CNN
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SSD

Wei Liu, Dragomir Anguelov, Dumitru Erhan, Christian Szegedy, Scott Reed, Cheng-Yang Fu, Alexander C. Berg.

SSD: Single Shot MultiBox Detector. ECCV 2016 81

https://arxiv.org/abs/1512.02325


YOLO timeline from 2015 to 2022

82

2015 2016 2017 2018 2019 2020 2021 2022

YOLOv1
You Only Look 
Once: Unified, 

Real-Time Object 
Detection

YOLOv2/900
Better, Faster, 

Stronger

YOLOv3
An Incremental 
Improvement 

YOLOv4
Optimal Speed 
and Accuracy of 

Object 
Detection

YOLOv5
No paper

YOLOv6
A Single-Stage 

Object 
Detection 

Framework for 
Industrial 

Applications

YOLOv7
Trainable 

bag-of-freebies 
sets new 

state-of-the-art for 
real-time object 

detectors

Y
O

LO
v8

Publications Title

Authors

2023

Joseph Redmon, 
Santosh Divvala, 
Ross Girshick, 

Ali Farhadi
Joseph Redmon, 

Ali Farhadi
Joseph Redmon, 

Ali Farhadi

Alexey Bochkovskiy, 
Chien-Yao Wang, 

Hong-Yuan Mark Liao Glenn Jocher

Chuyi Li, 
Lulu Li & 
Others

Chien-Yao Wang, 
Alexey Bochkovskiy, 

Hong-Yuan Mark Liao

Ultralytics



YOLO v1

Joseph Redmon, Santosh Divvala, Ross Girshick, Ali Farhadi.
You Only Look Once: Unified, Real-Time Object Detection. CVPR 2016 
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https://arxiv.org/abs/1506.02640


YOLO v1

Joseph Redmon, Santosh Divvala, Ross Girshick, Ali Farhadi.
You Only Look Once: Unified, Real-Time Object Detection. CVPR 2016 
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https://arxiv.org/abs/1506.02640


YOLO v2

Joseph Redmon, Ali Farhadi.
YOLO9000: Better, Faster, Stronger. CVPR 2017 85

https://arxiv.org/abs/1612.08242


YOLO v2

Joseph Redmon, Ali Farhadi.
YOLO9000: Better, Faster, Stronger. CVPR 2017 86

https://arxiv.org/abs/1612.08242


YOLO v3

Joseph Redmon, Ali Farhadi
YOLOv3: An Incremental Improvement

87

https://arxiv.org/abs/1804.02767


YOLO v4

Alexey Bochkovskiy, Chien-Yao Wang, Hong-Yuan Mark Liao.
YOLOv4: Optimal Speed and Accuracy of Object Detection 88

https://arxiv.org/abs/2004.10934


YOLO v5

https://github.com/ultralytics/yolov5 
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https://github.com/ultralytics/yolov5


YOLO v6

Chuyi Li, Lulu Li, Hongliang Jiang, Kaiheng Weng, Yifei Geng, Liang Li, Zaidan Ke, Qingyuan Li, Meng Cheng, Weiqiang Nie, Yiduo Li, Bo Zhang, 
Yufei Liang, Linyuan Zhou, Xiaoming Xu, Xiangxiang Chu, Xiaoming Wei, Xiaolin Wei.
YOLOv6: A Single-Stage Object Detection Framework for Industrial Applications
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https://arxiv.org/abs/2209.02976


YOLO v6

Chuyi Li, Lulu Li, Hongliang Jiang, Kaiheng Weng, Yifei Geng, Liang Li, Zaidan Ke, Qingyuan Li, Meng Cheng, Weiqiang Nie, Yiduo Li, Bo Zhang, 
Yufei Liang, Linyuan Zhou, Xiaoming Xu, Xiangxiang Chu, Xiaoming Wei, Xiaolin Wei.
YOLOv6: A Single-Stage Object Detection Framework for Industrial Applications
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https://arxiv.org/abs/2209.02976


YOLO v7

Chien-Yao Wang, Alexey Bochkovskiy, Hong-Yuan Mark Liao.
YOLOv7: Trainable bag-of-freebies sets new state-of-the-art for real-time object detectors 

92

● A key improvement in YOLO v7 is the use of a loss 
function called “focal loss”

● Focal loss down-weight the loss for well-classified 
examples and focus on the hard examples

● YOLO v7 also has a higher resolution than the 
previous versions, it processes images at a 
resolution of 608x608 pixels, which is higher than 
the 416x416 resolution used in YOLO v3

● YOLO v7 can process images at a rate of 155 
frames per second (the original baseline YOLO 
model was capable of processing at a maximum 
rate of 45 frames per second)

https://arxiv.org/abs/2207.02696


YOLO v7

Chien-Yao Wang, Alexey Bochkovskiy, Hong-Yuan Mark Liao.
YOLOv7: Trainable bag-of-freebies sets new state-of-the-art for real-time object detectors 
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YOLO v7

Chien-Yao Wang, Alexey Bochkovskiy, Hong-Yuan Mark Liao.
YOLOv7: Trainable bag-of-freebies sets new state-of-the-art for real-time object detectors 
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https://arxiv.org/abs/2207.02696


YOLO v8

https://docs.ultralytics.com 
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https://docs.ultralytics.com


DETR

Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, Alexander Kirillov, Sergey Zagoruyko.
End-to-End Object Detection with Transformers. ECCV 2020
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https://arxiv.org/abs/2005.12872
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DETR

Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, Alexander Kirillov, Sergey Zagoruyko.
End-to-End Object Detection with Transformers. ECCV 2020

98

https://arxiv.org/abs/2005.12872
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