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Who are we?
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Subhransu Maji

TAInstructor

Office hours: ?? @ CS 274

Aaron Sun
Office hours: Wed 1-2pm @ CS207

TA

Frank Chiu
Office hours: Tue 2:30-3:30 @ CS207
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Course website: https://cvl-umass.github.io/intro-cv-spring-2025
Read the course logistics and lectures

Course info
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https://cvl-umass.github.io/intro-cv-spring-2025
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https://cvl-umass.github.io/intro-cv-spring-2025
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Homework: 45%
• 5 in total 
• Completed individually (use of AI not permitted) 
• Roughly every two weeks 

Midterm: 20% (3/13 in class)

Final: 30% (5/14 1-3pm, )

Class participation: 5%
• In-class activities — low-stakes quizzes throughout the semester 
• Echo 360: 

• Will available within a few hours 
• Unreliable — fails 10% of the time

Requirements and grading
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Do you have all the pre-requisites?
• Math — good understanding of calculus, linear algebra and probability  
• Programming — ability to program in Python 

Teaching style
• Slides, notes, tutorials 
• Optional readings — papers, articles, references to books 

Still not sure?
• Email / drop by office hours for a chat 

Waitlisted?
• Will decide on a case by case basis (mostly limited by space)

Who should take this course?
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What is the course about?
• Physics and geometry of image formation 
• Finding and exploiting patterns in visual data 
• It is hard, ad-hoc — few theorems, but we rely on those from 

other areas 

Why study vision?
• You are in good company: Euclid, Alhazen, da Vinci, Kepler, 

Galileo, Descartes, Newton, Huygens, Maxwell, Helmholtz, 
Mach, Herring, Cajal, Minkowski, Hubel, Wiesel, Wald 

• Broad applicability: robotics, astronomy, ecology, medicine 
• Open area, lots of room for new work

Course background
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Figure credit: Kristen Grauman
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Not a zoo tour!
Not an introduction to tools!
You will learn how these techniques work and how to implement them

Topics covered
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Formation
• Geometry & physics 
• Design of cameras 
• Color perception & 
phenomenon

Processing
• Digital representation 
• Signal processing 
• Linear filtering 
• Applications

Understanding
• Alignment & matching 
• Recognition 
• Datasets & benchmarks 
• Machine learning 
• Advanced topics

Image

7x lectures 
1x homework

7x lectures 
2x homework

9x lectures 
2x homework
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By the end of the semester, you should be able to:
• Look at a problem and identify if CV is an appropriate solution 
• If so, identify what types of algorithms might be applicable 
• Apply those algorithms, conquer the world 
• Consider taking other courses in AI 

In order to get there, you will need to:
• Do a lot of math (calculus, linear algebra, probability) 
• Do a fair amount of programming 
• Work hard (this is a 3-unit course)

Course goals
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Now, on to some real content …

(but first, questions?)
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Why vision? Light!
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It is how we see other people, 
navigate our environment, 
communicate ideas, entertain, 
and measure the world around us. 

Source: A. Berg
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Why is light good for measurement?
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Microscopy Surveillance 3D Analysis / Navigation Remote 
Sensing

• Plentiful, sometimes free 
• Interacts with many things, but not too many 
• Goes generally straight over distance 
• Very small  high spatial resolution 
• Fast, but not too fast  time of flight sensors 
• Easy to detect  cameras work, are cheap 

Source: Alex Berg



Goal of computer vision

Extract properties of the world from visual data  
(i.e., measurements of light)
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What properties to extract?
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Example 1: Robo.cs

Slide credit: B. Hariharan
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What properties to extract?
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Example 2: Internet Vision

Slide credit: B. Hariharan
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What properties to extract?
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Example 3: Amazon Go

https://www.recode.net/2018/1/21/16914188/amazon-go-grocery-convenience-store-opening-seattle-dilip-kumar

https://www.recode.net/2018/1/21/16914188/amazon-go-grocery-convenience-store-opening-seattle-dilip-kumar
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What properties to extract?
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Example 4: Autonomous driving

https://researchleap.com/research-in-autonomous-driving-a-historic-bibliometric-view-of-the-research-development-in-autonomous-driving/



Goal of computer vision

Extract enough information of the world from visual data to make good decisions 
(i.e., measurements of light)

We are remarkably good at this!



animal or not?

Example #1



animal or not?

Example #2



animal or not?

Example #3



animal or not?

Example #4



animal or not?

Example #5



animal or not?

Example #6
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Amazingly good, fast and accurate
Large amount of the brain seems to be for processing visual data
Vision is difficult!

Human vision

27Source: A. Berg
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We make mistakes …
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Checker shadow illusion - Edward H. Adelson
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Some examples of successful computer vision applications
(and cautionary tales)
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Face recognition
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https://blogs.microsoft.com/on-the-issues/2020/03/31/washington-facial-recognition-legislation/

https://osxdaily.com/2017/11/10/can-use-iphone-x-without-face-id/

https://hackercombat.com/free-facial-recognition-tool-to-track-people-on-social-media-sites/

https://blogs.microsoft.com/on-the-issues/2020/03/31/washington-facial-recognition-legislation/
https://osxdaily.com/2017/11/10/can-use-iphone-x-without-face-id/
https://hackercombat.com/free-facial-recognition-tool-to-track-people-on-social-media-sites/
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Electronic field guides
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Electronic field guides
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https://ai.googleblog.com/2020/05/announcing-7th-fine-grained-visual.html

https://sites.google.com/view/fgvc7/

https://ai.googleblog.com/2020/05/announcing-7th-fine-grained-visual.html
https://sites.google.com/view/fgvc7/
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Autonomous driving
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https://www.tesla.com/autopilot

https://hal.archives-ouvertes.fr/hal-01494296https://www.trafficsafetystore.com/blog/could-ford-lead-the-future-of-autonomous-cars/

https://www.tesla.com/autopilot
https://hal.archives-ouvertes.fr/hal-01494296
https://www.trafficsafetystore.com/blog/could-ford-lead-the-future-of-autonomous-cars/
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Industrial inspection
Sports analytics
Advertisement
Assistive technology
Product recognition and recommendation
Activity recognition
Emotion analysis
Scene text detection and recognition
Document analysis
Medical imaging and screening
…

Many others …
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source: http://cvpr2020.thecvf.com/sponsors

http://cvpr2020.thecvf.com/sponsors
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Many possibilities — how do we solve this ambiguity? 
• Images are confusing, but they also reveal the 

structure of the world through numerous cues  
• Our job is to interpret the cues!

What tools do we have?
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Slide credit: J. Koenderink
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Tool 1: Physics and Geometry
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http://kalisdigitalphotos.blogspot.com

Analyzing parallel lines to estimate space

Parallel lines 
merge at the 

horizon

http://kalisdigitalphotos.blogspot.com/
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Tool 1: Physics and Geometry
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Photo by Éole Wind

As the distance of the object from the viewer increases, the 
contrast between the object and its background decreases.

Scattering of skylight by  
particles in the air adds  

to the luminosity 
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Tool 1: Physics and Geometry
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Chicago loop, image source: wikipedia

Occlusions 
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Tool 1: Physics and Geometry
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“The four seasons” sculpture set

Light and shading 

The Rathas of Mahabalipuram, India
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Tools from geometry and physics are often not sufficient

Vision is hard
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Vision is hard: Objects blend together
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Tool 2: Data and machine learning
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Horse	

1.  Yann	LeCun,	Léon	Bo2ou,	Yoshua	Bengio,	and	Patrick	Haffner.	Gradient-based	learning	applied	to	document	
recogniBon.	Proceedings	of	the	IEEE	86.11	(1998):	2278-2324.	

2.  Alex	Krizhevsky,	Ilya	Sutskever,	and	Geoffrey	E.	Hinton.	Imagenet	classificaBon	with	deep	convoluBonal	neural	
networks.	In	NIPS	2012.	

ConvoluBonal	Networks	
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Tool 2: Data and machine learning
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[Deng et al. CVPR 2009] 

• 14+ million labeled images, 20k classes 
• Images gathered from Internet 
• Human labels via Amazon Turk  
• The challenge: 1.2 million training images, 

1000 classes
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Tool 2: Data and machine learning
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mscoco	
Microso)	COCO:	Common	Objects	in	Context	
Tsung-Yi	Lin,	Michael	Maire,	Serge	Belongie,	Lubomir	Bourdev,	Ross	Girshick,	James	Hays,	Pietro	Perona,	Deva	
Ramanan,	C.	Lawrence	Zitnick,	Piotr	Dollár	
ECCV,	2014	
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Tool 2: Data and machine learning
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What next? — Improving recognition
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	Deep	Residual	Learning	for	Image	Recogni5on	
Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	and	Jian	Sun.	CVPR	2016.	

Learning with less supervision

•Multi-tasking	
•Transfer	learning	
•Domain	adaptation	
•Multi-modal	data	
•Theory

Architectures for recognition
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What next? — 3D shape understanding
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Estimating	3D	shape	from	image	collections

Categorizing	or	retrieving	3D	shapes

Segmenting	3D	shapes	into	parts

Inferring	3D	shape	from	a	single	image

1.	Choice	of	representation	
2.	Incorporate	physics	+	geometry	
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What next? — Better generative models
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https://openai.com/dall-e-3/

But deepfakes …

Face2Face, Thies et al., 2016

An illustration of an avocado sitting in a therapist's chair, saying ‘I just 
feel so empty inside’ with a pit-sized hole in its center. The therapist, a 
spoon, scribbles notes.
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Multi-modal understanding

What next? — better understanding of the world
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Language, vision, sound Embodied cognition

Data	→	Knowledge	→	Actions

Solving planet-scale problems

LucasFilm
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Advance science
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https://en.wikipedia.org/wiki/Hemoglobin

Amino acid sequence

AlphaFold
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Measuring bird migration from RADAR data @ dark ecology project

Advance science …
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Welcome!


