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·AIPKU· Generic Object Detection

• Given an arbitrary image, determine whether or not there are any instances 
of semantic objects from predefined categories and, if present, to return the 
spatial location and extent

• Also called object class detection or object category detection

• One of the most fundamental and challenging problems in computer vision

Finding 880 faces



·AIPKU· License Plate Detection & Recognition

• In Unconstrained Scenarios

• Task: find and recognize license plates in images



·AIPKU· Types of Object Detection

• Detection of specific categories
• Detecting different instances of predefined object categories, 

such as human, cars

• Detection of specific instance
• Detecting instances of a particular object, 

such as Donald Trump’s face, the Bradley Cooper’s face

Bradley Cooper



·AIPKU· Recognition Problems related to Detection
Assigning one or more object class labels 
to a given image, determining presence 
without the need of location

Assigning each pixel in 
an image to a semantic 
class label

Distinguishing different instances of the same 
object class, while semantic segmentation does 
not distinguish different instances



·AIPKU· Object Classification

Source: http://cs231n.stanford.edu/2017/



·AIPKU· Semantic Segmentation

• Label each pixel 
in the image with 
a category Label

• Don’t differentiate 
instances, only 
care about pixels

Source: http://cs231n.stanford.edu/2017/



·AIPKU· Semantic Segmentation Idea 

• Semantic Segmentation Idea: Sliding Window

Problem: Very inefficient! Not reusing shared 
features between overlapping patches!

Source: http://cs231n.stanford.edu/2017/



·AIPKU· Semantic Segmentation Idea 

• Semantic Segmentation Idea: Fully Convolutional

Problem: convolutions at original image 
resolution will be very expensive ...

Source: http://cs231n.stanford.edu/2017/



·AIPKU· Semantic Segmentation Idea 

• Semantic Segmentation Idea: Fully Convolutional

Source: http://cs231n.stanford.edu/2017/



·AIPKU· Diversity of Definitions

• There is no universal agreement in the literature on the definitions of 

various vision subtasks

• Often encountered terms such as:

• Detection

• Localization

• Recognition

• Classification

• Categorization

are often differently defined

• Verification

• Identification

• Annotation

• Labeling

• Understanding



·AIPKU· Object Detection



·AIPKU· Challenges in Generic Object Detection



·AIPKU· Challenges in Generic Object Detection



·AIPKU· Progress in the Past Two Decades



·AIPKU· Recent Evolution of Object Detection Performance



·AIPKU· Summarization of Related Surveys (1/4)

• Since 2000 



·AIPKU· Summarization of Related Surveys (2/4)



·AIPKU· Summarization of Related Surveys (3/4)



·AIPKU· Summarization of Related Surveys (4/4)



·AIPKU· Milestones in Generic Object Detection

• Nearly all detectors proposed over the last several years are based on one 

of these milestone detectors, attempting to improve on one or more aspects



·AIPKU· Generic Object Detection Two Main Categories

• Region proposal based (two stage) framework
• Category-independent region proposals are generated from an image

• Category-specific classifiers are used to determine the category labels of the proposals

• Region proposal free (one stage) framework
• which is a single proposed method which does not separate detection proposal, making 

the overall pipeline single-stage



·AIPKU· Object Detection as Classification: Sliding Window

Source: http://cs231n.stanford.edu/2017/



·AIPKU· Object Detection as Classification: Sliding Window

Source: http://cs231n.stanford.edu/2017/



·AIPKU· Object Detection as Classification: Sliding Window

Source: http://cs231n.stanford.edu/2017/



·AIPKU· Object Detection as Classification: Sliding Window

Source: http://cs231n.stanford.edu/2017/



·AIPKU· Object Detection as Classification: Sliding Window

Source: http://cs231n.stanford.edu/2017/



·AIPKU· Region Proposals

• Find “blobby” image regions that are likely to contain objects

• Relatively fast to run; 

e.g. Selective Search gives 1000 region proposals in a few seconds on CPU

Source: http://cs231n.stanford.edu/2017/



·AIPKU· Milestones in Generic Object Detection

• Nearly all detectors proposed over the last several years are based on one 

of these milestone detectors, attempting to improve on one or more aspects



·AIPKU· R-CNN

J. Uijlings et al. “Selective search for object 
recognition,” IJCV, 2013.

Source: http://cs231n.stanford.edu/2017/



·AIPKU· R-CNN

Source: http://cs231n.stanford.edu/2017/



·AIPKU· R-CNN

Source: http://cs231n.stanford.edu/2017/



·AIPKU· R-CNN

Source: http://cs231n.stanford.edu/2017/



·AIPKU· R-CNN

Source: http://cs231n.stanford.edu/2017/



·AIPKU· R-CNN

Source: http://cs231n.stanford.edu/2017/



·AIPKU· R-CNN: Problems

• Training is slow (84h), taking a lot of disk space

• Inference (detection) is slow

• 47s / image with VGG16 [Simonyan, ICLR15]

Source: http://cs231n.stanford.edu/2017/



·AIPKU· Milestones in Generic Object Detection

• Nearly all detectors proposed over the last several years are based on one 

of these milestone detectors, attempting to improve on one or more aspects
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R. Girshick, “Fast R-CNN,”
ICCV, 2015.

Fast R-CNN



·AIPKU· Fast R-CNN
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·AIPKU· Fast R-CNN



·AIPKU· Fast R-CNN



·AIPKU· Fast R-CNN



·AIPKU· R-CNN Vs. Fast R-CNN

Problem: Runtime dominated 
by region proposals!



·AIPKU· Milestones in Generic Object Detection

• Nearly all detectors proposed over the last several years are based on one 

of these milestone detectors, attempting to improve on one or more aspects.



·AIPKU· Faster R-CNN: Make CNN do proposals!

S. Ren et al. “Faster R-CNN: Towards Real-Time Object 
Detection with Region Proposal Networks,” NIPS, 2015.

• Insert Region Proposal Network (RPN) to predict proposals from features

• Jointly train with 4 losses:

1. RPN classify object / not object

2. RPN regress box coordinates

3. Final classification score (object classes)

4. Final box coordinates



·AIPKU· R-CNN Vs. Fast R-CNN Vs Faster R-CNN

Source: http://cs231n.stanford.edu/2017/



·AIPKU· More CNN based Architectures (1/2)



·AIPKU· More CNN based Architectures (2/2)



·AIPKU· Deep Learning Object Detection

• https://github.com/hoya012/deep_learning_object_detection



·AIPKU· Collections of Paper and Code: 2014



·AIPKU· Collections of Paper and Code: 2015



·AIPKU· Collections of Paper and Code: 2016



·AIPKU· Collections of Paper and Code: 2016



·AIPKU· Collections of Paper and Code: 2017



·AIPKU· Collections of Paper and Code: 2017



·AIPKU· Collections of Paper and Code: 2018



·AIPKU· Improvement: Context Modeling

• Context can broadly be grouped into one of three categories:
• Semantic context: The likelihood of an object to be found in some scenes but not 

in others.
• Spatial context: The likelihood of finding an object in some position and not others 

with respect to other objects in the scene.
• Scale context: Objects have a limited set of sizes relative to other objects in the 

scene.



·AIPKU· Benchmarking Datasets



·AIPKU· Benchmarking Datasets

Dataset
Name

Total Images Categories Images/ 
Category

Objects/ 
Image

Image Size Started 
Year

MNIST 60,000 10 6,000 1 28x28 1998

Caltech101 9,145 101 40~800 1 300x200 2004

Caltech256 30,607 256 80+ 1 300x200 2007

Scenes15 4,485 15 200~400 - 256x256 2006

PASCAL VOC 11,540 20 303~4087 2.4 470x380 2005

SUN 131,072 908 - 16.8 500x300 2010

ImageNet 14 M+ 21,841 - 1.5 500x400 2009

MS COCO 328,000+ 91 - 7.3 640x480 2014

Place 10 M+ 434 - - 256x256 2014

Open Images 9 M+ 6000+ - - Varied 2017

Tab. Object Recognition Databases List



·AIPKU· ILSVRC

• ILSVRC evaluates algorithms for object detection and image classification at large scale. 
• One high level motivation is to allow researchers to compare progress in detection across a 

wider variety of objects -- taking advantage of the quite expensive labeling effort. 
• Another motivation is to measure the progress of computer vision for large scale image 

indexing for retrieval and annotation.



·AIPKU· MS COCO

Tasks: Detection | Keypoints
| Stuff | Panoptic | Captions

http://cocodataset.org/#detection-2018
http://cocodataset.org/#keypoints-2018
http://cocodataset.org/#stuff-2018
http://cocodataset.org/#panoptic-2018
http://cocodataset.org/#captions-2015


·AIPKU· Open Images

Overview of 
Open Images
Open Images is a dataset 
of ~9 million images that 
have been annotated with 
image-level labels and 
object bounding boxes.



·AIPKU· Evaluation (1/3)



·AIPKU· Evaluation (2/3)



·AIPKU· Evaluation (3/3)

Fig. Evolution of object 
detection performance on 
COCO.
The backbone network,
the design of detection 
framework and the 
availability of good and large 
scale datasets are the three 
most important factors in 
detection.



·AIPKU· Remark

As a longstanding, fundamental and challenging problem in computer vision, 
object detection has been an active area of research for several decades.

L. Liu et al., “Deep Learning for Generic 
Object Detection: A Survey,” 2018.
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