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Module Overview

1. Computer Vision Foundations 
2. CNNs  
3. Transfer Learning  
4. Vision Transformers 
5. Object Detection  
6. Segment Anything Model (SAM)
7. Final Project
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Lecture 5 : 
Object Detection
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Last Time
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Object Detection

The goal of object detection is to localize objects in an image and tell 
their class

Localization: place a tight bounding box around object
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Object Detection

The goal of object detection is to localize objects in an image and tell 
their class

Localization: place a tight bounding box around object

Can scale up to many classes using hierarchical tree of visual 
concepts
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Object Detection

For each detected object, the model outputs:

class label 
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Object Detection

For each detected object, the model outputs:

class label 
confidence score 
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Object Detection

For each detected object, the model outputs:

class label 
confidence score 

bounding box
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Object Detection

For each detected object, the model outputs:

class label 
confidence score 

bounding box
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Object Detection

Measure performance 

How good is a predicted bounding box ?
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Object Detection

Measure performance 

How good is a predicted bounding box ?

We calculate Intersection over Union: 

Prediction correct if IoU > 0.5

[Slide credit: Vito Dichio   ]
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Object Detection

Major Difficulties : 

- Objects appear at different scales, viewpoints, lightings .. 

[Source: J. Sivic, slide credit: R. Urtasun  ]
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Object Detection

Major Difficulties : 

- Objects appear at different scales, viewpoints, lightings ..
- Multiple objects can overlap

 

[Source: J. Sivic, slide credit: R. Urtasun  ]
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Object Detection

Major Difficulties : 

- Objects appear at different scales, viewpoints, lightings ..
- Multiple objects can overlap
- Expensive annotation

 

[Source: J. Sivic, slide credit: R. Urtasun  ]
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Naive solution: sliding window

Slide window and ask a classifier: “Is sheep in window or not?”

[Source: R. Urtasun   ]

Confidence : 0.1
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Naive solution: sliding window

Slide window and ask a classifier: “Is sheep in window or not?”

[Source: R. Urtasun   ]

Confidence : -0.2
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Naive solution: sliding window

Slide window and ask a classifier: “Is sheep in window or not?”

[Source: R. Urtasun   ]

Confidence : -0.1
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Naive solution: sliding window

Slide window and ask a classifier: “Is sheep in window or not?”

[Source: R. Urtasun   ]

Confidence : 1.5
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Naive solution: sliding window

Slide window and ask a classifier: “Is sheep in window or not?”

[Source: R. Urtasun   ]

Confidence : 0.5
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Naive solution: sliding window

Slide window and ask a classifier: “Is sheep in window or not?”

[Source: R. Urtasun   ]

Results
Confidence 
-0.1
 0.2
-0.1 
…
 1.5
…
 0.5
 0.2
-0.1
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Naive solution: sliding window

Downsides

[Source: R. Urtasun   ]

- Computationally expensive
- Inaccurate bounding box : None of the squares could 

match the actual size of the object perfectly; each 
square may be smaller or larger.

- More than one object within same grid   
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Smarter Solution: Region proposals 

[Source: R. Urtasun   ]



© Mehyar Mlaweh, 2026. All rights reserved.24

Smarter Solution: Region proposals 

[Source: R. Urtasun   ]

Group pixels into object-like regions
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Smarter Solution: Region proposals 

[Source: R. Urtasun   ]

Generate many different regions
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Smarter Solution: Region proposals 

[Source: R. Urtasun   ]

Generate many different regions
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Smarter Solution: Region proposals 

[Source: R. Urtasun   ]

Generate many different regions
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Smarter Solution: Region proposals 

[Source: R. Urtasun   ]

Generate many different regions
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Smarter Solution: Region proposals 

[Source: R. Urtasun   ]

Generate many different regions
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Smarter Solution: Region proposals 

[Source: R. Urtasun   ]

The hope is that at least a few will cover real objects 
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Smarter Solution: Region proposals 

[Source: R. Urtasun   ]

Select a region
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Smarter Solution: Region proposals 

[Source: R. Urtasun   ]

Crop out an image patch around it, throw to classifier (e.g., Neural 
Net)

classifier 

‘Dog’ or not ?

Confidence : -0.25
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Smarter Solution: Region proposals 

[Source: R. Urtasun   ]

Crop out an image patch around it, throw to classifier (e.g., Neural 
Net)

classifier 

‘Dog’ or not ?

Confidence : -0.25
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Smarter Solution: Region proposals 

[Source: R. Urtasun   ]

Crop out an image patch around it, throw to classifier (e.g., Neural 
Net)

classifier 

‘Dog’ or not ?

Confidence : 1.5
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Smarter Solution: Region proposals 

[Source: R. Urtasun   ]

Crop out an image patch around it, throw to classifier (e.g., Neural 
Net)

classifier 

‘Dog’ or not ?

Confidence : 1.5

A DOG !!
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Smarter Solution: Region proposals 

We generate many candidate regions that may contain objects, then 
classify each region. 
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Smarter Solution: Region proposals 

Downsides

[Source: R. Urtasun   ]

- Too many candidate regions
- Multi-stage pipeline: image → generate proposals → 

crop/resize regions → classify each region → refine 
boxes → remove duplicates

- Slow for real-time applications
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DL Solution: R-CNN ( Regions with CNN )

[Source: R. Urtasun   ]

It uses region proposals, then applies a CNN to each proposed region to 
extract features and classify the object 

CNN

‘Dog’ or not ?

Confidence : 1.5

A DOG !!



© Mehyar Mlaweh, 2026. All rights reserved.39

DL Solution: R-CNN ( Regions with CNN )

[Source: R. Urtasun   ]

Still slow !!

CNN

‘Dog’ or not ?

Confidence : 1.5

A DOG !!
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DL Solution: R-CNN ( Regions with CNN )

[Source: R. Urtasun   ]

Still slow !!

CNN

‘Dog’ or not ?

Confidence : 1.5

A DOG !!

because the CNN is applied many times 
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DL Solution: R-CNN ( Regions with CNN )

[Source: R. Urtasun   ]

CNN

‘Dog’ or not ?

Confidence : 1.5

A DOG !!

So the main problem is the number of iteration we are doing
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DL Solution: R-CNN ( Regions with CNN )

[Source: R. Urtasun   ]

CNN

‘Dog’ or not ?

Confidence : 1.5

A DOG !!

So the main problem is the number of iteration we are doing

We only need to look once to make it faster
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YOLO: You Only Look Once

[Source: https://arxiv.org/pdf/1506.02640   ]
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Next Time ? 

Segment Anything Model
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