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Review

• Last lecture:
• Scene Classification Problem
• Scene Classification Applications
• Scene Classification: Evolution of Datasets
• Scene Classification Evaluation Metrics
• Scene Classification Background: Deep Features and Fine-Tuning
• Scene Classification Computer Vision Models

• Assignments (Canvas)
• Reading assignment due this Wednesday

• Questions?
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• Applications

• Datasets

• Evaluation metric 

• Background: naive sliding window solution



Object Detection: Today’s Topics

• Problem

• Applications

• Datasets

• Evaluation metric 

• Background: naive sliding window solution



Problem Definition

• Localize with a bounding box object(s) of interest



Problem: Semantic Object Detection

• Localize with a bounding box every instance of an object from pre-
specified categories 

[Russakovsky et al; IJCV 2015]

Focus for today’s lecture



Problem: Salient Object Detection

• Localize with a bounding box the salient object(s) 

[Liu et al; CVPR 2007]

To be covered in a future lecture



Object Detection vs Object Recognition

“What is the difference between (semantic) 
object detection and object recognition?”

• Must learn appearance of object rather than only its image context; e.g., giraffe
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Social Media

Face detection 
(e.g., Facebook)



Banking

Mobile check deposit 
(e.g., Bank of America)



Transportation

License Plate Detection (e.g., AllGoVision)



Construction Safety

Pedestrian Detection
(e.g., Blaxtair)

http://media.brintex.com/Occurrence/121/Brochure/3435/brochure.pdf



Counting

Counting Fish (e.g., SalmonSoft)
http://www.wecountfish.com/?page_id=143

Business Traffic Analytics



Can you think of any other 
potential applications?
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Object Detection Datasets
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VOC

Mark Everingham, Luc Van Gool, Christopher K. I. Williams, John Winn, and Andrew 
Zisserman. The PASCAL Visual Object Classes (VOC) Challenge. IJCV 2010.

(superscript indicates year of inclusion in the challenge: 20051, 20062, 20073)

1. Category Selection

- 20 categories chosen: 
1) Initial 4 categories stem 
from existing dataset
2) 2006: added 6 classes
3) 2007: added 10 classes

- Additional categories 
provide a broader domain 
and finer-grained 
categories, including 
visually similar things
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number of
keywords



VOC
1. Category Selection

Mark Everingham, Luc Van Gool, Christopher K. I. Williams, John Winn, and Andrew 
Zisserman. The PASCAL Visual Object Classes (VOC) Challenge. IJCV 2010.

- 20 categories chosen: 
1) Initial 4 categories stem 
from existing dataset
2) 2006: added 6 classes
3) 2007: added 10 classes

- Additional categories 
provide a broader domain 
and finer-grained 
categories, including 
visually similar things

2. Image Collection 3. Image Verification + Image Annotation

- University of Leeds annotation party to 
recruit annotators

- Annotation guidelines & real-time 
assistance

- Review of every annotation

- Annotate only “minority” classes at end 
of party to increase the count of them

- 500,000 images 
retrieved from 
Flickr by 
querying with a 
number of
keywords



VOC Guidelines:



VOC Annual Workshop

http://host.robots.ox.ac.uk/pascal/VOC/



VOC: Datasets Evolved

http://host.robots.ox.ac.uk/pascal/VOC/
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ILSVRC

“ILSVRC follows in the footsteps of the PASCAL 
VOC challenge… which set the precedent for 
standardized evaluation of recognition 
algorithms in the form of yearly competitions.”

Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, Sanjeev Satheesh, Sean Ma, Zhiheng Huang, 
Andrej Karpathy, Aditya Khosla, Michael Bernstein, Alexander C. Berg, Li Fei-Fei , IJCV 2015



ILSVRC

1. Category Selection

- 200 ImageNet 
classes which: 
1) exclude 
synset overlap
2) exclude object 
classes too “big” 
in the image
3) are basic-
level categories
4) backward 
compatible: VOC

Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, Sanjeev Satheesh, Sean Ma, Zhiheng Huang, 
Andrej Karpathy, Aditya Khosla, Michael Bernstein, Alexander C. Berg, Li Fei-Fei , IJCV 2015
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Recall from ImageNet: Object Presence Labeling
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ILSVRC: Efficient Object Localization

Hao Su, Jia Deng, and Li Fei-Fei. Crowdsourcing Annotations for Visual Object Detection. AAAI 2012.

• 3 Tasks:
Idea: each task has fixed and 
predictable amount of work



ILSVRC: Efficient Object Localization

• 3 Tasks:

Hao Su, Jia Deng, and Li Fei-Fei. Crowdsourcing Annotations for Visual Object Detection. AAAI 2012.



ILSVRC: Drawing Task

Hao Su, Jia Deng, and Li Fei-Fei. Crowdsourcing Annotations for Visual Object Detection. AAAI 2012.



ILSVRC: Quality Verification Task

Hao Su, Jia Deng, and Li Fei-Fei. Crowdsourcing Annotations for Visual Object Detection. AAAI 2012.



ILSVRC: Coverage Verification Task

Hao Su, Jia Deng, and Li Fei-Fei. Crowdsourcing Annotations for Visual Object Detection. AAAI 2012.



ILSVRC

Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, Sanjeev Satheesh, Sean Ma, Zhiheng Huang, 
Andrej Karpathy, Aditya Khosla, Michael Bernstein, Alexander C. Berg, Li Fei-Fei , IJCV 2015

1. Category Selection

- 200 ImageNet 
classes which: 
1) exclude 
synset overlap
2) exclude object 
classes too “big” 
in the image
3) are basic-
level categories
4) backward 
compatible: VOC

2. Image Collection 3. Object presence labeling

- Train dataset: 
3 sources

- Val & test 
datasets: 
2 sources

4. Object localization 5. Author Review

- Ambiguous 
objects: BB 
for two 
categories 
with large 
overlap(~3%).

- Duplicates: 
>50% overlap 
for same 
object (~1%).

- Crowdsource 
assigning all 
relevant 
categories from 
200 object 
categories to 
each image

- Crowdsource 
demarcating a 
bounding box 
around EVERY 
instance of every 
object category



Object Detection: ILSVRC Annual Workshop

http://image-net.org/challenges/LSVRC/2012/index#introduction
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Single Object

Score

Ground Truth:

Algorithm:

Evaluation 
Measure



Single Object: IoU (Intersection Over Union)

Score

Ground Truth:

Algorithm:



Single Object: IoU (Intersection Over Union)

Ground Truth:

Algorithm:

28

48

(58%)

Then, threshold: 
e.g., 50% or greater 
means correct detection!



Single Object: IoU (Intersection Over Union)

Ground Truth:

Algorithm:

?

?

(?%)



Single Object: IoU (Intersection Over Union)

Ground Truth:

Algorithm:

8

10

(80%)

Is this a correct detection?



Multiple Objects

• For each object class (e.g., cat, dog, …), compute:
• Precision: fraction of correct detections from all detections by a model when 

using a 0.5 IoU

Algorithm BB + its Confidence

[Russakovsky et al; IJCV 2015]



Multiple Objects

• For each object class (e.g., cat, dog, …), compute:
• Precision: fraction of correct detections from all detections by a model when 

using a 0.5 IoU

[Russakovsky et al; IJCV 2015]



Multiple Objects

• For each object class (e.g., cat, dog, …), compute:
• Precision: fraction of correct detections from all detections by a model when 

using a 0.5 IoU

• Then compute mean precision across all object classes

What are limitations of this evaluation approach?
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Object Detection With Sliding Windows
Person?

Image Source: https://yourboulder.com/boulder-neighborhood-downtown/
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Object Detection With Sliding Windows

Image Source: https://yourboulder.com/boulder-neighborhood-downtown/

Person?

Person?

Person?

Person?

Person?

Person?

Person?

Person?

Need to test windows of different aspect ratios…

Person?

Person?



Object Detection With Sliding Windows

Image Source: https://yourboulder.com/boulder-neighborhood-downtown/

Would this 
aspect ratio 
detect the 
person?



Object Detection With Sliding Windows

• Sliding window approach: must test different locations at…
• Different scales
• Different aspect ratios (e.g., person vs car or car taken at different angles)

• Number of regions to test? (e.g., 1920 x 1080 image)
• Easily can explode to hundreds of thousands or millions of windows

• Key limitation
• Very slow!
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